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Abstract: The incorporation of phase change materials (PCM) in buildings has the potential to
enhance the thermal efficiency of buildings, reduce energy cost, shift peak load, and eventually
reduce air pollution and mitigate global warming. However, the initial capital cost of PCM is
still high, and thus the establishment of a control strategy has become essential to optimize its
use in buildings in an effort to lower investment costs. In this paper, an extensive review has
been made with regard to various control strategies applied to PCM-enhanced buildings, such as
ON/OFF control, conventional control methods (classical control, optimal, adaptive, and predictive
control) and intelligent controls. The advantages and disadvantages of each control strategy are
evaluated. The paper further discusses the opportunities and challenges associated with the design
of PCM-enhanced buildings in combination with control strategies.
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1. Introduction

In recent years, population growth and industrial developments have resulted in a
dramatic increase in energy consumption and greenhouse gas emissions. Figures 1 and 2
show the rising trend of total energy consumption [1,2] and CO2 emissions [3], over
the period between 1990 and 2019, respectively. According to the statistics of the U.S.
Energy Information Administration, today’s rate of energy consumption is higher than
its production, which is a cause of significant concern about the future availability of
energy [4]. Studies confirm that the building sector is one of the most prominent energy
consumers, worldwide. Almost 50% of energy is consumed in buildings in the USA [5],
40% in Europe, and 36% worldwide, of which space heating and cooling account for
approximately 50% [6]. Thus, energy demand with an annual rate of increase of 2.3% has
created awareness towards the need to use renewable sources of energy to reduce climate
change and achieve sustainable development [7].

Significant attention has been directed to manage the growing energy demand, energy
security, and energy consumption pattern, especially by heating, ventilation and air condi-
tioning (HVAC) systems, and their associated grid loads [8]. In many parts of the world,
for example, direct solar radiation is a promising source of energy as it is free, renewable,
unlimited, and eco-friendly. In solar heating applications, a building can either absorb
solar energy passively without requiring any mechanical and electrical devices [9] or use of
auxiliary equipment to efficiently convert solar energy to thermal or electrical energy [10].
Solar energy varies according to the time of the day, season, climatic conditions, and other
factors. Generally, solar radiation flux reaches its maximum level at midday, while it di-
minishing to zero at sunset. To tackle this limitation, thermal energy storage (TES) systems
allow excess heat or cooling energy to be stored for later use. TES or enhanced thermal
mass is that property of materials that defines their ability to absorb, store and release heat
according to the surrounding conditions. TES increases the overall efficiency and reliability
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of heating and cooling by providing thermal comfort and indoor temperature stabilization.
Additionally, it reduces the pollution, and CO2 emission associated with fossil fuel use [11].
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Thermal energy is stored in materials through sensible heat by changing the tem-
perature of material [12], latent heat by altering the phase of material within a narrow
temperature range [13], and through reversible thermochemical reactions [14]. Among
different TES systems, latent heat thermal energy storage has attracted wide attention due
to its ability to store a large amount of energy per unit volume, isothermally, by using
phase change materials (PCMs). Studies show that PCMs can store heat per unit volume
5–14 times more than sensible heat storage materials [15]. Figure 3 compares the thickness
of building construction materials required to store the same amount of energy (the energy
required to increase the temperature of 240 mm concrete from 20 ◦C to 30 ◦C). Thermo-
chemical energy storage materials are also technically complex and challenging to apply,
and hence require higher capital expenditure [16].
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PCMs are divided into organic materials, such as paraffin and non-paraffin-based
compounds, inorganic materials, such as hydrated salts and metallics, and eutectics [18],
which are a mixture of components with a freezing point less than the individual compo-
nents. Figure 4 illustrates the classification of the PCMs [19]. All PCM types have some
advantages and disadvantages [20] which are summarized in Table 1.
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An ideal phase change heat storage material should exhibit some desirable thermody-
namic, chemical, kinetic, and economic properties. Following are some of the criteria used
to select the proper PCM [13,18,21].
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Table 1. Advantages and disadvantages of different type of PCM [20].

PCMs Advantages Disadvantages

Organic

- Non-corrosive
- Chemically stable
- Little or no Supercooling
- Compatible with building materials
- High latent heat per unit weight
- Low vapor pressure

- Low thermal conductivity (Around 0.2 W/m·K)
- High changes in volume on phase change
- Flammability

Inorganic

- High latent heat per unit volume
- High thermal conductivity (Around 0.5 W/m·K)
- Non-flammable
- Low in cost

- Corrosion
- Decomposition (phase segregation), so that nucleating

and thickening agent is needed
- Supercooling

Eutectics
- Sharp melting temperature
- High volumetric thermal storage density

- Lack of available test data of thermo-physical
properties

Thermodynamic properties:

- A melting point within the temperature range of application;
- High latent heat of fusion per unit mass and volume, so that a smaller amount of

material is required to achieve a certain energy storage capacity;
- High specific heat capacity to take advantage of significant sensible heat storage effect;
- High thermal conductivity, so that heat could be absorbed or released faster;
- Small volume changes during the phase transition;
- Congruent melting;
- Small vapor pressure.

Chemical properties:

- Experiencing reversible freezing/melting cycle;
- Chemical stability which means being non-corrosive and not being decomposed

during the freezing/melting cycle;
- Non-toxic and non-flammable.

Kinetic properties:

- High nucleation rate to avoid supercooling;
- High rate of crystal growth to meet demands of heat recovery from the storage system.

Economic properties:

- Cost-effective;
- Available in large quantities.

1.1. Incorporation of Phase Change Materials (PCMs) into Buildings

Old buildings were designed based on heavy-weight construction to provide high
thermal mass, and hence could moderate indoor temperature during all seasons. The
thermal property of such construction significantly enhanced indoor comfort without
the need for mechanical air conditioning systems [22]. Breaking with this tradition, the
tendency to implement light-weight construction elements has increased. Light-weight
materials enable the use of prefabrication and on-site assembly, which is cost-effective
and less time-consuming [23]. They also consume less raw materials and reduce the
mass of buildings which in turn decreases the damage-related issues associated with
earthquakes [24]. However, the low thermal mass of light-weight materials subjects the
building to indoor thermal fluctuations, which raises the need for heating and cooling
systems. The emergence of PCMs, on the other hand, could counteract the limitations of
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light-weight buildings [25]. Studies show that PCMs have a great potential for providing
dynamic thermal capacity in light-weight constructions [26].

In general, the energy analysis of PCM-integrated buildings strongly depends on the
PCM melting point, latent heat, location, and the amount of the PCM incorporated into
the building, as well as the climatic conditions and the design of the building [27]. In
particular, thermal comfort can be determined based on the type of building, as well as
the season of the year. Usually, thermal comfort should be within the range of 22 ◦C to
27 ◦C in summer, and 18 ◦C to 25 ◦C in winter [28]. Therefore, for building applications,
the melting temperature of PCM should lie between 18 ◦C and 27 ◦C [29].

On the other hand, PCM cannot provide significant benefit in severe weather con-
ditions or in climates having minimum daily temperature variation. Likewise, PCM
application is useful only if upper limit of comfort level in summer and lower limit in
winter are maintained. In fact, in summer, PCM application is useful only if the upper limit
of comfort standard set by the World Health Organization is maintained, while it cannot
provide the lower limit of comfort level at 18 ◦C.

PCMs are incorporated into buildings through both passive and active applications.
In the passive application, PCM is embedded into building construction materials without
using any auxiliary equipment [30], which increases the thermal storage capacity of the
building materials. In the passive technology, PCM is incorporated into the building enve-
lope through different approaches such as PCM-enhanced covering materials like drywall
(also known as plasterboards, wallboards or gypsum boards) [31–33], concrete [34,35] and
ceramic [36,37], macro-encapsulated PCM panels [38–40], multi PCM (honeycomb) struc-
ture [41–44], and PCM-impregnated insulations [45–47]. Typical applications of passive
PCM technologies include the integration of PCM into the building fabrics of walls, floors,
and roofs. In addition, they can be incorporated into the fenestration, insulation, façade,
shutter, and shading systems of the building [48]. For example, Saxena et al. [49] evaluated
the effect of PCM-embedded bricks for passive conditioning of a building. A heat transfer
reduction between 40% and 60% was achieved, during a summer day.

Active PCM system requires some mechanical or electrical energy for its operation [30].
In the active system, PCM is contained in a heat storage unit, which may be placed
inside or outside the buildings. Active systems are preferred where more precise control
of the system or greater heat transfer performance is needed [50]. It can integrate the
PCM into HVAC systems (such as air conditioning units, floor heating and ground heat
pumps) [51–54] or in storage containers [55–57] in the vicinity of the building (such as an
aquifer [58], borehole [59], pits, or tanks [60]) [61]. The active PCM application allows the
system to absorb, store and release heat on demand, which results in a more efficient heat
transfer and less energy consumption in a building, but with the penalty of high cost.
Jeon et al. [62] showed that the application of a radiant floor in combination with PCM, as
an active system, can reduce the heating demand of residential buildings, in Korea, by 45%.

1.2. The Application of Control Strategies in PCM-Enhanced Buildings

Energy saving in buildings can be achieved through the use of novel HVAC devices,
innovative system design and integration, and operational management and control [63].
Incorporation of phase change materials into buildings has already been introduced as
an effective approach, as these can bridge the mismatch between energy supply and
demand through their large energy storage capacity [64]. However, the application of
control strategies and investigating the energy performances of such systems remain a
challenge [65]. Active thermal energy storage systems, on the other hand, require high
investment costs. Thus, the application of an appropriate control strategy is necessary
to maximize the energy benefits during its operation. Applying such automation can
effectively reduce operating costs and energy consumption, which contributes to climate
and environmental protection without sacrificing comfort [66].

Over the last decade, there have been numerous review papers on energy manage-
ment techniques [67], control strategies applied to buildings to ensure indoor thermal
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comfort [68], and peak load shifting [69]. However, to the authors’ knowledge, there is no
literature review on the application of different control strategies to PCM-enhanced build-
ings. Moreover, researchers have applied some controllers in PCM-enhanced buildings
without explaining the reasons for selecting them over others. This paper comments on
the advantages and disadvantages of different control strategies in order to increase the
potential benefits of using PCM in buildings.

In this review paper, literature search was done first for different control strategies
that were applied to buildings. Then, the applications of selected control strategies into
PCM-enhanced buildings were covered. Finally, the advantages and disadvantages of
these control strategies as well as future opportunities and challenges were sought.

2. Different Control Strategies Applied to PCM-Enhanced Buildings

Different control strategies have been applied to PCM-enhanced buildings to control
the operation of the mechanical and electrical devices and hence ensure indoor comfort
and minimize electricity consumption, cost associated with energy consumption, and CO2
emissions. Control strategies can be divided into different categories such as ON/OFF
control, classical control (P, I, PI, PID, etc.), adaptive, optimal and predictive control, and
intelligent controls [68], which are discussed thoroughly in the following subsections.

2.1. ON/OFF Control

ON/OFF control, also known as hysteresis control, is the simplest feedback control
method that switches the manipulated variable between two states of ON or OFF, abruptly.
ON/OFF controller uses the upper and lower bound of the objective variable to regulate the
process within the given thresholds [70]. As an example, Gholamibozanjani and Farid [71]
implemented an ON/OFF control strategy in an experimental hut equipped with PCM
storage to ensure its thermal comfort in different seasons of the year. In winter, for instance,
the PCM storage system was ON if the PCM temperature was higher than the indoor
room temperature; otherwise, an electric heater was automatically started to maintain the
comfort condition. Such controllers can drive the manipulated variables from a fully open
to a fully closed state and vice versa over a specified period. Solgi et al. [72] implemented
a night ventilation technique to lower the summer cooling demand of an office building
in hot-arid areas. The night ventilation was scheduled to automatically start once the
outdoor temperature dropped below 30 ◦C and to stop at 7 a.m., thus solidifying the PCM
using the coolness available at night and then melting it to absorb heat during the day.

Although the ON/OFF control method is inexpensive, simple and easy to implement,
it is not able to control dynamic processes with time delays [73] as it is either fully ON or
fully OFF, and hence causes chattering in the control output. In fact, a proper hysteresis
is required, which otherwise would make output deviate from the temperature set-point.
Moreover, considerable signal noise is introduced to the measuring process, which results
in inaccurate output measurements [74].

Kenisarin and Mahkamov [75] performed a review on controlling thermal comfort in
small laboratory models and real-size test rooms enhanced with a PCM applied passively.
Implementation of such control strategies aims to meet different primary objectives such
as energy-saving, electricity cost-saving and peak load shifting while maintaining indoor
thermal comfort; these are discussed in depth in the following subsections.

2.1.1. Overall Energy Consumption Reduction

Application of control strategies to a building can enhance its energy efficiencies
and hence reduce the pollution associated with fossil fuel consumption used for power
generation [76]. Chen et al. [77] examined the effect of combined night ventilation and
thermal energy storage using PCM to reduce the energy consumed for space cooling in an
office building. In their simulation-based study, a typical south-facing office room located
in Beijing, China, was considered as a base case for their study; also, a control algorithm
was implemented to regulate the indoor temperature. Based on the control algorithm,
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during the period from 8 a.m. to 6 p.m. (office hours), fresh air was always provided
for the occupants. However, if room temperature exceeded the higher bound of comfort
level by 1 ◦C, the PCM started cooling down the room. If room temperature exceeded the
comfort level by 2 ◦C, and the 3-min shut-off period of the air conditioner was met, the
air conditioner would hence start. During the night (from 6 p.m. to 8 a.m.), outdoor air
was introduced to the storage unit to solidify the PCM to be used during the following day.
The results showed that it was possible to achieve energy saving between 16.9% and 50.8%.
Another example of night ventilation, based on the ON/OFF control algorithm showed
reduced electrical energy consumption and as a consequence reduced CO2 emission [78].

In addition, by using a simulation tool, Transient Systems (TRNSYS), Wang et al. [79]
proved that the implementation of a control strategy into a ground heat pump system in
conjunction with PCM reduced electrical energy consumption in Xi’an (Humid Subtropical
Climate in China). They showed 7.9 ◦C improvements in the average temperature of
the heat pump with an increase in its average coefficient of performance (COP) from 3.4 to
3.8.

Table 2 summarizes the studies carried out on the application of ON/OFF controller
in combination with PCM for the sake of reducing energy consumption and indoor temper-
ature fluctuation. In this table, type of PCM used and its integration place, the reason for
using a controller, scale of the study, type of study (experimental/numerical) and energy
benefits were reported.



Energies 2021, 14, 1929 8 of 39

Table 2. Application of ON/OFF controller in PCM-enhanced buildings for energy consumption reduction.

PCM Type Controller Performance Spatial Scale PCM Integration Place Type of Study Energy Benefits Ref.

PCM with a melting
temperature of 29 ◦C

Indoor temperature was controlled
by a thermostat set at 20 ◦C

Not mentioned Into a solar thermal
collector

Experimental Reduction in natural gas
consumption by about 50% in
Alberta, Canada.

[80]

PCM with a melting
temperature of 25 ◦C

Activating external shading as well
as night ventilation

Not mentioned Interior walls Numerical &
experimental

30% less indoor temperature
fluctuation over seven days in
Freiburg, Germany.

[81]

Mixture of capric acid
and lauric acid

Operating an electric heat
membrane placed in the ceiling

5.0 × 3.3 × 2.8 m3 PCM-impregnated
gypsum boards were
installed on the walls.

Experimental Application of PCM reduced the
maximum thermal flow by 14%,
over three days in Shenyang, China
and created peak load shifting

[82]

A paraffin-based PCM
with a melting
temperature of 27 ◦C

Indoor room temperature was
controlled by connecting a
thermostat to a chilled water system

1.83 × 1.83 × 1.52 m3 PCM was encapsulated
in copper pipes and
were placed horizontally
in the stud walls.

Experimental - Overall cooling load was reduced
by 9 to 11% when 10 and 20 wt.%
PCM was used, in Kansas, USA.
- Peak heat load reduced by 37%
and 62%, when 10 and 20 wt.%
PCM was used.

[83–85]

A bio-based PCM with a
melting point of 29 ◦C

A thermostat was connected to
a heat pump

4.9 × 3.7 × 2.4 m3 PCM was encapsulated
into a small blocks in a
mat sheet to be installed
in the walls, ceiling and
floor, a layer between
insulation and
gypsum board.

Experimental Energy savings of 12 to 26% in
summer, and 9 to 29% in winter
were achieved, based on the
Arizona State, USA weather
conditions.

[86]

Micronal DS-5008X 8 h of absorbing heat from outside
followed by 16 h of releasing heat to
inside

0.1 × 0.1 × 0.1 m3 PCM-gypsum
composite heat storage
in ceiling for ventilation

Numerical &
experimental

Less indoor temperature variation
was achieved for the weather
condition of Poland.

[87]

CaCl2·6H2O A controller was used to determine
between three modes in summer:
1- Natural ventilation to absorb
daytime excess heat.
2- Natural cooling energy storage
at night
3- Natural cooling energy storage
release at night.

5.0 × 4.0 × 3.0 m3 PCM was integrated into
a Trombe wall and a
PV/T panel

Numerical &
experimental

- An annual net electricity efficiency
of 13% was achieved based on
weather condition of Changsha,
China.
- Photovoltaic efficiency increased
from 11.5% to 15%.

[88,89]
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Table 2. Cont.

PCM Type Controller Performance Spatial Scale PCM Integration Place Type of Study Energy Benefits Ref.

A PCM with a latent heat
of 219 kJ/kg and melting
temperatures from 21 ◦C
to 31 ◦C

HVAC system was operating from
12 to 8 a.m. and 4 p.m. to 12 a.m. if
PCM cannot provide comfort.

A two-story building,
each store was 9.2 × 12.2
× 2.6 m3

Different locations in
walls: interior, middle
and exterior

Numerical Up to 67% energy saving was
achieved in a tropical climate.

[90]

CaCl2 · 6H2O Tank temperature was controlled by
the heat pump operation to provide
indoor comfort condition.

Thermal capacity of
building was 13.32
MJ/K.

Integrated into the heat
pump unit

Numerical The performance of solar assisted
ground-source heat pump
improved by 12.3%.

[91]

Micronal® PCM
microcapsules

Cooling started when indoor
temperature exceeded 25 ◦C
and heating mode was ON when it
dropped below 18 ◦C

2.4 × 2.4 × 2.4 m3 Interior surface of
exterior walls and roof

Numerical Use of PCM maintained comfort
condition 10 to 30% more than a
case with no PCM, depending on
weather conditions

[92]
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2.1.2. Cost Saving

Integration of PCMs into buildings can serve to make energy-savings by storing
solar energy for later use (heating) or by storing free cooling available at night in summer
(cooling). Changing the electricity consumption pattern by end-use customers, on the
other hand, plays a significant role in managing demand resources and cost-saving. In
this regard, postponing the use of electricity during high wholesale market price periods
and using it during cheaper hours is an effective approach to demand responses [69]. For
example, in 2015, Barzin et al. [93] initiated a “price-based” control strategy in a PCM-
enhanced building for space heating. They examined the potential of PCM technology
in conjunction with underfloor heating in an office-size building at the “University of
Auckland,” New Zealand. Figure 5 shows a general view of the data acquisition and
control system applied to their experimental building. According to their control system,
the underfloor heater was switched ON or OFF based on the online dynamic electricity
price, price constraint, and desired room temperature, which algorithm is shown in Figure
6. The experimental measurements over five days in winter confirmed a total energy-saving
of about 18.8% with a corresponding 28.7% of cost-saving, while the highest energy and
cost-saving were equal to 35% and 44.4%, respectively.
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Barzin et al. [6] also implemented a price-based control strategy for space cooling in
summer, based on the weather conditions in Auckland which has a “Marine West Coast
Climate”. Two similar experimental huts (interior dimensions 2.4 m × 2.4 m × 2.4 m),
each constructed with light-weight materials and provided with 1 m × 1 m north-facing
windows, were used to perform some experiments. One of the huts, referred to as “hut
1”, was considered a reference for experiments, and its walls and ceilings were finished
with 13 mm gypsum boards. While the other hut, referred to as “hut 2” was finished
with PCM-enhanced gypsum boards. The PCM used was PT20 with a narrow melting
temperature of about 20 ◦C. Both huts were also equipped with air conditioning units.
The aim of the “price-based” control strategy was to keep the indoor room temperature
in summer between 17 ◦C and 19 ◦C during off-peak periods (when the online price was
lower than price constraint), and between 24 ◦C and 26 ◦C, during on-peak hours (when
the online price was higher than the price constraint). An air conditioner was used to
provide the comfort condition, but 100% more energy was consumed in hut 2 compared
to hut 1, over 6 days. Therefore, they tried applying night ventilation in combination with
air conditioning during the daytime, showing an energy-saving of about 73% over one
week.

2.1.3. Peak Load Shifting

Peak demand or peak load is referred to as the maximum demand over a specific
billing period. Peak demand usually varies for different types of buildings. Usually,
residential users are charged based on a single tariff rate and only recently some electricity
suppliers provided a variable electricity rate for the sake of peak load shifting. The
incentive of peak load shifting for residential users would be electricity cost saving as well
as improved quality and reliability of power. Peak demand for a commercial building lasts
for a short period; however, it counts for half of the overall electricity bill. Hence, peak load
shifting can not only reduce the peak demand, but it also saves substantially on energy
costs [94]. Studies show that peak load management can lead to $10–$15 billion cost-saving
in the US market annually [95]. Figure 7 illustrates the schematic view of a typical peak
load shifting in summer.
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There are other benefits from offsetting the peak load including the reduction of gen-
eration of electricity from non-renewable energy sources during periods of peak demand
and resilience during times of power outages. Even if a renewable source of energy is used,
its generation during peak demand is not guaranteed as it may be cloudy, for instance,
when solar energy is used. Power generation companies usually design their systems
based on average load. Thus, any peak demand requires auxiliary equipment which causes
extra cost, maintenance, and pollution that can be prevented by peak load shifting. On
the other hand, as power generation facilities age, equipment failures accelerate, and as
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the demand for power increases over the years, existing plants have trouble meeting load
requirements. To compensate for this, a plant may elect to install an energy storage system
that can be charged when demand is low and discharged when demands cannot be met by
the primary generation source.

Shifting of peak load also reduces losses in the transmission and distribution systems
and hence carbon emission will be reduced as a result of more efficient operation of power
plants and less load variability.

Studies show a significant potential of PCMs in peak load shifting [96]. In most cases,
there is either no control strategy or only an ON/OFF control strategy. However, the best
results have been achieved with control strategies. Peak load shifting control applied to
PCM-enhanced buildings can be divided into two groups based on PCM integration into
either the building envelope or into HVAC systems.

In terms of PCM incorporation into the building envelope, Khudhair and Farid [97],
proved the concept of peak load shifting by charging the PCM-enhanced gypsum boards
using electrical energy during low-demand hours to be used during high-demand hours. In
Canada, Bastani et al. [98] also evaluated the effect of an ON/OFF control on shifting heat-
ing peak demand of a real bungalow building integrated with PCM wallboards. Through a
numerical study via TRANSYS, they considered five different room set-point temperature
ranges such as 20 ◦C–25 ◦C, 19 ◦C–24 ◦C, 18 ◦C–23 ◦C, 20 ◦C–24 ◦C, and 20 ◦C–23 ◦C. The
PCM melting and solidification temperatures were 23 ◦C and 17 ◦C, respectively. Based
on their control strategy, during the off-peak hours from midnight until 5:30 a.m., a heater
was set in operation to charge the PCM and hence maintained the room temperature at
the upper bound of comfort level. Then, during peak hours from 5:30 a.m. to 9:30 a.m.
the heater was OFF, but PCM kept the room temperature at the lower bound of comfort
level. Results showed that larger indoor temperature swings resulted in a higher total daily
energy consumption and a lower peak load shifting. Moreover, setting the operational
temperature range closer to the melting and solidification temperatures of PCM, 18 ◦C–
23 ◦C, for instance, resulted in better utilization of the PCM and a longer period of peak
load shifting. Barzin et al. [99] conducted another price-based control strategy for peak
load shifting in winter. In their study, two experimental huts were finished with 13 mm
gypsum boards and equipped with identical electric heaters. However, one of the huts was
internally lined with DuPont PCM wallboards having a melting temperature of 21.7 ◦C.
The indoor air temperatures were planned to be kept between 21 ◦C and 23 ◦C during
off-peak hours, and between 17 ◦C and 19 ◦C, during peak hours. The thermal performance
of the hut was then compared. Table 3 summarizes the energy and cost-savings of the
PCM-enhanced hut over six days, based on the weather conditions in Auckland.

Table 3. Power and cost-savings for six days of winter [99].

Days 1 2 3 4 5 6 Total

Power saving (%) 0.24 32.03 −9.39 15.64 60.08 36.5 21.5
Cost-saving (%) 1.43 45.08 −6.81 16.02 62.64 44.00 26.7

Peak load shifting can also be achieved through the integration of PCMs into heat
exchangers [100]. For instance, the potential of an air-PCM heat exchanger unit for peak
load shifting was investigated by Stathopoulos et al. [101] in France. In their experimental
work, a heat exchanger unit composed of a set of plates containing paraffin having a
melting point of 37 ◦C (Figure 8) was integrated into a ventilation system in a test cell,
known as “Hybcell”. Considering thermal comfort and indoor air quality of Hybcell, the
aim was to reduce peak demand, particularly during late afternoon periods in winter. To
this end, a preliminary control strategy was introduced to evaluate the capability of the
system for peak load shifting. An electrical resistance heater was also provided to charge
PCM and warm up the test cell during off-peak hours, then the PCM was discharged
during peak hours. The experimental measurements showed that the proposed design
allowed peak load reduction while the Hybcell met the thermal comfort requirement of



Energies 2021, 14, 1929 13 of 39

21 ◦C. On the other hand, a numerical model was developed using the specific heat capacity
method, developed by Farid [102], and coupled to a building simulation program. The
model could accurately predict the experimental measurements. Figure 9 compares the
calculated and experimental results of the heat exchanger unit and the test cell performance
during a four-day test, where the grey highlighted parts correspond to the peak demand
period (6 p.m. to 8 p.m.).
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Using PCMs in underfloor heating is another method that can not only reduce electric-
ity costs but also shift the heating load to off-peak hours. Devaux and Farid incorporated
a PCM (melting range 27–29 ◦C) in an underfloor heating system in combination with
another lower melting point PCM (21.7 ◦C) in the walls and ceiling of a 2.63 m × 2.64 m
× 2.64 m hut. The results showed that the lower melting point PCM helped to maintain
comfort condition, while the higher melting point PCM, in the underfloor heating system,
created peak load shifting with energy and cost saving of 32% and 42%, respectively [103].

Table 4 shows the application of ON/OFF controller for peak load shifting in some
other studies.



Energies 2021, 14, 1929 14 of 39

Table 4. Application of ON/OFF controller in PCM-enhanced buildings used for peak load shifting.

PCM Type Controller Performance Spatial Scale PCM Integration Place Type of Study Energy Benefits Ref.

Paraffin-based PCM Electric heater was controlled by either
time or temperature. It was ON from 23
p.m. to 7 a.m. if temperature was lower
than 65 ◦C.

3.0 × 2.0 × 2.0 m3 On the floor in
combination with
underfloor heating

Numerical &
experimental

The total heating energy
demand, based on the weather
conditions of Tsinghua (China),
was shifted to off-peak hours

[104]

Not mentioned PCM was charged from 12 a.m. to 5:30
a.m. and discharged during peak hours,
considering five comfort ranges such as
20–25 ◦C, 19–24 ◦C, 18–23 ◦C, 20–24 ◦C,
and 20–23 ◦C.
A heater assisted automatically to
maintain comfort

Floor area: 12.8 × 8.1 m2 Building envelope Numerical Shifting energy consumption
from 3 to 10 h based on weather
condition and desired comfort
range, in winter (in Quebec,
Canada)

[98]

A PCM with a melting
point of 40 ◦C

Two control scenarios:

1. Indoor thermostat, which ensured
the indoor thermal comfort by
adjusting heat flow from heater.

2. Storage thermostat which controls
the inlet temperature of the
baseboard heat exchanger before
entering the room.

Total floor area: 136 m2

Total volume: 448 m3
PCM was integrated into
a heat pump

Numerical
- Peak load shifting of 2 to

6 h was created in a
residential building based
on the weather condition
of Hamilton, Canada.

[105,106]

A PCM with a melting
point of 27 ◦C

A controller was used to maintain
indoor temperature at 21 ◦C

5.87 × 2.38 × 2.31 m3 PCM was integrated into
a radiant floor.

Numerical
- A peak load shifting of

1.1 h/day was created.
- 18% of electricity cost was

saved.

[107]

Paraffin RT20 A controller was used to switch on
a heater during off-peak hours and
switch it off during peak hours, while
maintaining comfort level.

2.6 × 2.6 × 2.6 m3 PCM was incorporated
into walls and ceiling.

Experimental Energy saving and peak load
shifting were achieved
depending on the minimum and
maximum outdoor temperature.

[108]
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Table 4. Cont.

PCM Type Controller Performance Spatial Scale PCM Integration Place Type of Study Energy Benefits Ref.

Mixture of capric acid
and lauric acid

A controller was connected to an HVAC
system to provide comfort in summer.

Floor area: 16 m2 PCM was integrated into
air conditioning duct

Experimental
- PCM helped to maintain

indoor room temperature
rise less than 0.8 ◦C for
2.5 h during peak hours of
summer in China.

- 16% energy saving was
achieved.

[109,110]

Coconut oil A controller was used to switch on
a heater when room temperature fell
below comfort temperature.

1.18 × 1.18 × 1.21 m3 PCM was integrated into
underfloor heating.

Experimental Electricity consumption was
shifted by 57% when PCM was
used in a simulated cold
weather with a temperature
between 0 ◦C and 5 ◦C.

[111]

RT15 and RT8HC RT8HC and RT15 were cooled at 1 ◦C
and 7 ◦C, respectively, for 7 h. RT8HC
was charged using electricity and RT15
was charged using free night cooling.
Both were discharged at 24 ◦C, for 10 h.

A three-story building
each with dimensions of
32.0 × 16.0 × 3.5 m3

PCM storage unit (an
air-PCM heat exchanger
unit)

Numerical A yearly cooling peak load
shifting of 15% was reported
using London Gatwick design
weather data.

[112]

Mixture of Capric acid,
Lauric acid, Myristic
acid, Palmitic acid

A controller maintains the indoor
temperature within the comfort level.

Floor area: 180 m2 PCMs were used in a
water-based storage unit

Numerical The designed system could
create a 100% peak load shifting
when it stores 100 MJ energy, in
weather condition of Toronto,
Canada

[113]

Two different PCMs,
Na2HPO4•12H2O-
based composite and
CaCl2•6H2O-based
composite were used
for heating and cooling
energy storage,
respectively.

Water supply system was provided
with a thermostat to maintain indoor
comfort level.

0.44 × 0.44 × 0.57 m3 PCMs were integrated
into radiant floors.

Experimental An energy cost saving of about
45% to 64% was achieved due to
peak load shifting, when it was
aimed to maintain comfort level
for 13 h.

[114]
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Table 4. Cont.

PCM Type Controller Performance Spatial Scale PCM Integration Place Type of Study Energy Benefits Ref.

RT25HC A controller was provided to maintain
indoor comfort level while minimizing
the electricity cost. An
electric heater/air conditioner was used
during off-peak hours to charge PCM
and provide required energy; during
peak hours, stored energy in PCM was
used to sustain comfort.

2.4 × 2.4 × 2.4 m3 PCM was stored in
a heat exchanger unit.

Experimental Up to 47% of daily energy
saving in winter and 23% in
summer, with a corresponding
65% and 42% cost saving, were
achieved due to use of stored
clean energy (solar energy in
winter and free night cooling in
summer) and peak load shifting.

[115]

RT25HC in active system
and PT20 in passive
system

In the active system, a controller was
used to determine between solar
collector, electric heater and stored
energy in PCM; in the passive system, it
meant to choose between electric heater
and solar collector to sustain comfort.

2.4 × 2.4 × 2.4 m3 In the active system,
PCM was stored in
a heat exchanger unit,
while in the passive
system, it was
incorporated into the
walls.

Experimental Active system created a more
efficient peak load shifting
compared to the passive system
as it resulted to 32% less
electricity cost.

[116]
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2.2. Classical Control

P (Proportional), I (Integral), D (Derivative), PI (Proportional-Integral), PD(Proportional-
Derivative), and PID (Proportional-Integral-Derivative) are the most commonly used clas-
sical controllers [70]. In process control, a correction is applied to a system based on the
feedback received from the system. The action of the P controller is proportional to the
difference between the set-point and the measured value [70]. The output of the I controller
is proportional to the integral of the error with respect to time [117]. Finally, derivative
control is the mode of control where the response is based on the derivative of the error
with respect to time [118]. A PID controller, however, considers the features of all P, I, and
D controllers, as shown in Figure 10. The advantage of classical controllers over ON/OFF
controllers is their ability to adjust outputs to any values between 0% and 100%. Therefore,
classical controllers are used when a stable and more precise control is required.
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In terms of PCM-enhanced buildings, only three types of controllers were studied.
Dehghan and Pfeiffer [119] carried out a numerical study to reduce the energy consumption
of a building (retrofitted with PCM on its floor), while sustaining comfort. The building
incorporated PCM in the underfloor heating system. A water tank charged by either solar
energy during the daytime or an electric boiler during the night was used to pump the
water into underfloor tubes. The surplus of solar energy was stored in the PCM for later
use. In this regard, a thermostat having a built-in P controller was implemented to switch
ON the electric boiler when solar energy was not enough to maintain the comfort condition.
The results showed that the application of a control strategy enhanced the performance of
the proposed system for space heating.

Wu et al. [120] coupled PCM storage with a heat pump to reduce the operating cost
and energy consumption of a refrigeration system used to cool a building. A PI controller
was used to control the expansion valve opening and hence maintain the superheat at the
evaporator exit. A dynamic model was then constructed to consider the phase transitions
within the heat pump’s heat exchangers and PCM storage tank. This mathematical model
could successfully predict the experimental measurements. Buonomano et al. [121] devel-
oped a model in MATLAB to predict the energy demand of buildings equipped with PCM
energy storage, PV/T collector, sunspace and smart daylighting systems. The model was
developed based on the energy design of non-residential Nearly Zero Energy Buildings
(NZEB) under Mediterranean weather conditions. A PI control scheme was used to find
the optimal design for the location of PCM in building envelop, PV/T configuration and
windows topology and hence minimize the heating and cooling demand of the building.
The optimum design resulted in 17% energy saving.

In addition, through Transient systems- Computational fluid dynamics (TRNSYS-
CFD), a simulation-based study (Figure 11), Gowreesunker et al. [122] evaluated the energy
performance of a displacement ventilation system in the departure hall of an airport.
The evaluation was performed by investigating the energy demand of a displacement
ventilation diffuser retrofitted with a PCM heat exchanger and comparing it with that of
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the diffuser-only. A PID controller was also used to control the operation of HVAC system
and hence maintain the comfort temperature of the hall between 18 ◦C and 23 ◦C. The
results showed that the PCM storage improved the energy efficiency of the HVAC system
for cooling more than heating (34% for cooling versus 22% for heating), and a maximum
energy-saving of about 34% was achieved. Cabrol and Rowley [123] used the TRNSYS
simulation tool for a domestic building to analyze the thermal benefits of a concrete floor
embedded PCM, in combination with an air-source heat pump for creating peak load
shifting. To this end, a building with the dimensions of 12 m × 10 m × 2.4 m was provided
with underfloor heating controlled by a PID controller to sustain indoor thermal comfort
(at 20 ◦C) over 360 h in different locations of UK. The control system was designed to use
off-peak tariff options, and hence minimize the costs associated with the use of the heat
pump. They reported that although incorporation of PCM enhances the thermal stability
of a building, its selection depends on fabric construction of buildings.
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2.3. Optimal, Adaptive and Predictive Control
2.3.1. Optimal Control

An optimal control method is a branch of applied mathematics used to minimize/maximize
a performance index of a dynamic system, subject to some constraints, over a certain pe-
riod [124]. Classical controllers are more suitable for linear systems; however, real systems are
usually more complex, multivariant and nonlinear, for which optimal control is advantageous.
Furthermore, optimal control can handle constraints and time-varying disturbances. The
optimal control can be used for scheduling various thermal energy storage systems connected
to smart grids [125]. In addition, it can be applied to buildings integrated with PCM pas-
sively [126] or actively [127]. Zhu et al. [128] carried out a numerical study to evaluate the
impact of optimal control methods applied to commercial buildings, which are equipped with
air conditioning units and enhanced with shape stabilized PCM. To this end, a “load shifting”
control strategy and “demand limiting” control strategy were implemented to minimize the
electricity consumption during peak hours and to minimize electricity used during “demand-
limiting” periods, respectively. Based on “load shifting” control strategy, electricity was used
to store the lower price cooling energy in PCM during off-peak hours to be used during the
on-peak hours. “Demand limiting” control strategy reduced the peak demand by resetting
the comfort temperature. The results showed that the use of PCM in the building envelope
significantly improved its thermal performance under both control strategies. More than
11% of electricity cost and 20% peak load reductions were achieved. Hajiah and Krarti [129]
showed that use of optimal control in TES systems leads to a 28% reduction of total energy
cost compared to a conventional control strategy.
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Hajiah et al. [130] presented a simulation-based study to investigate the benefit of
utilizing a building thermal mass in combination with an ice storage system in the objectives
of minimizing the cooling demand and associated costs. An optimal control strategy was
implemented to use a chiller to cool down the room and solidify the ice storage tank
during off-peak hours, followed by melting the ice during peak hours. In this simulation,
building descriptions, utility rates and weather data were fed. Then, considering the
building dynamics, thermal loads, available energy sources, and thermal comfort, the
optimal control strategy was applied. The simulation results were then validated against
controlled laboratory-scale experiments and showed a reasonable agreement. In addition,
they conducted some parametric analyses to investigate the parameters that were effective
in reducing the total operating costs [131]. The numerical analysis was based on the
optimization of the energy cost, size of the cooling system, ice storage tank capacity, and
weather data. The results showed that the implementation of optimal control strategy into
a building, equipped with a combination of a thermal mass and ice storage tank, could
save up to 40% of total energy cost in commercial buildings. Table 5 summarizes some
other applications of the optimal control used in a PCM-enhanced building.
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Table 5. Application of ON/OFF controller in PCM-enhanced buildings used for peak load shifting.

PCM Type Control Objective Spatial Scale PCM Integration Place Type of Study Energy Benefits Ref.

A PCM with a melting
temperature of 25 ◦C

A controller is installed on the
HVAC system to minimize
the heat gain during peak period
and the total heat gains, maximize
load shift from peak hours to
off-peak hours.

Not mentioned A layer between interior
wallboard and wall
cavity

Numerical Optimal precooling strategy
created a peak load shifting of
about 14 h, which reduced the
peak heat gain by 95%, at the cost
of 23% increase in the total heat
gain under the weather conditions
of Maryland, USA.

[132,133]

Knauf PCM SmartBoard Optimal control of natural
ventilation was used to minimize
the building’s cooling energy
demand in summer.

A four-story building
with 3131 m2 floor area
following ASHRAE
Standard 90.1 building
model

PCM was integrated into
the external envelop of
building

Numerical Up to 300 kWh/year cooling
energy saving was achieved in
mild climates of Italy.

[134]

CaCl2·6H2O An optimal control is used to
prioritize the use of a heat pump,
electric heater and thermal energy
storage units in terms of energy,
time and cost.

A two-floor office
building with a floor
area of 135 m2

PCM was stored in a
tank

Numerical Thanks to the energy demand
flexibility, the storage efficiency of
the TES tanks used was 97%, on
an average, compared to other
studies

[135]
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2.3.2. Adaptive Control

Adaptive control is a control scheme in which the controller adjusts itself to recognize
the parameters that are unknown or time-dependent, without a priori information about
the dynamic model of the system [136]. However, actuator nonlinearity is the most obvious
limitation of adaptive control method [137]. Thus, only a few researchers have employed
adaptive controllers in their systems. Bandarra Filho et al. [138] indicated that adaptive
control strategy reduces energy consumption of a refrigeration system by 18%, compared
to an ON/OFF control strategy. Buonomano et al. [139] implemented a novel optimal
Model Reference Adaptive Control method into a PCM-retrofitted building to control
indoor air temperature and humidity. The proposed control method was implemented
into MATLAB using a building simulation model, DETECt 2.3, to predict space heating
and cooling demands and loads, PCM performance, indoor temperature, and humidity.
In principle, the reference model represented the desired dynamic performance of the
building, and the control challenge was to determine adaptive mechanisms to provide the
indoor room temperature and humidity based on those of the reference thermo-hygrometric
profile (Figure 12). The control method was then applied to different case studies with
different geometries, construction materials (also enhanced with PCM), and under different
conditions to analyze the effectiveness and robustness of the method. The results confirmed
that the adaptive control method could successfully guarantee thermal comfort despite
uncertain conditions.
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2.3.3. Predictive Control

Model predictive control (MPC) is a powerful optimization-based strategy, in which
a plant model is used to predict the future behavior of manipulated variables and the
effect of control actions on the evolving state of the plant, over a receding horizon. These
predictions are evaluated in an optimization based on an objective function (for example,
cost function) and use the current state of the plant as the initial state, subject to some
constraints. Then, the sequence control responses are applied to the plant [140]. Figure 13
shows the basic structure of the MPC strategy.
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MPC strategy is a type of optimal control (discussed in Section 2.3.1) that has the ability
to predict the future behavior of a system, over a receding horizon. MPC strategy was first
applied to PCM-enhanced buildings by Fiorentini et al. [142], in 2015. They investigated
the performance of a hybrid MPC strategy to control a solar-assisted HVAC system, used in
“Team UOW(University of Wollongong) Solar Decathlon House”, in Australia (Figure 14).
The HVAC system consisted of a PV/T collector and PCM, integrated into a heat pump.
This system was used for both space heating and cooling, using solar energy and night
sky radiative cooling, respectively. High and low-level controllers were implemented to
control the system. The high-level mode was based on a 24-h prediction horizon and
1-h control timestep. The low-level controller operated with a 1-h prediction horizon
and a 5-min control step. The low-level controller was used to control and optimize the
operating mode selected by the high-level controller, such as charging the PCM by solar
collector or discharging PCM to heat the building. Results confirmed that the hybrid
MPC chose the operation mode appropriately, and indoor thermal comfort was thereby
ensured. In addition, the overall energy efficiency of the system was optimized. Later
they demonstrated the hybrid MPC operation through a simulation-based study [143].
Figure 15 shows that their simulation could predict the indoor temperature well.

Figure 14. (A) The “Team UOW Solar Decathlon House”, (B) the overall view of HVAC system [143].
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There are not many studies on the application of MPC in PCM-enhanced buildings.
These studies have considered different objective functions such as energy [144], energy
cost [145], and PCM performance [146] in MPC strategies. For example, Touretzky and
Baldea [145] performed a numerical study to minimize the electricity cost of a building
incorporating passive and active PCM technology, as shown in Figure 16. They proposed
a hierarchical, centralized control strategy in which a dynamic schedule was considered
for active PCM on a slow time scale, and a control schedule was planned for managing the
passive PCM on a fast time scale. The slow and fast time scales were related to a longer
time horizon (up to a 24-h period) and a shorter time horizon (a few minutes), respectively.
The proposed control strategy led to a great cost-saving (64% to 88%) and showed a better
performance compared to the heuristic control even under uncertainties in forecasting
building loads.
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Gholamibozanjani et al. [147] also looked into the importance of economic MPC
strategy on the thermal efficiency of domestic, service, and office buildings with different
time schedules, based on the weather condition of “Auckland”, during winter. In their
study, buildings were equipped with a solar air heater, an air-based PCM storage charged
by the solar heater, and an electric heater. The MPC strategy was aiming to utilize the
energy captured by the solar heater, followed by the heat stored in PCM and only then the
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electric heater (Figure 17) in order to minimize the use of electrical heating. To this end, the
thermal behavior of the buildings was simulated using EnergyPlus software and saved in
an Excel file. The data were then inserted in Python to choose the optimal control. Figure 18
illustrates the profile demand obtained from EnergyPlus together with the sources of energy
used to satisfy the heating demand of different buildings while minimizing the cost. The
results showed that the domestic building, which was planned to sustain comfort from
6 p.m. until midnight, experienced the highest cost-saving (about 57%) as a result of
utilizing the high latent heat of the PCM, which was charged using daytime solar radiation.
However, the service building, which had to be kept within the thermal comfort level
for 24 h had the lowest cost saving (about 11.46%). In addition, the authors studied the
impact of prediction horizon and control step (as MPC parameters), on energy cost-saving.
As a result, extending the prediction horizon delivered a higher cost-saving. However,
enhancing the control timestep without any limitation provided inaccurate readings of
input parameters. This MPC control strategy reduced the cost of energy consumption by
about 12% compared to an optimal control scheme. On the other hand, Aswani et al. [148]
showed that application of a learning-based MPC strategy into a heat pump reduced energy
consumption by 30–70% compared to an ON/OFF controller.
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2.4. Artificial Intelligence (AI)

Nonlinear behavior of the HVAC systems led researchers to implement intelligent
control methods to enhance the energy efficiency of such equipment in smart buildings [68].
Unlike classical methods, intelligent control methods do not rely on a mechanistic model
but on a learned strategy [149], which may result in a better performance of the system [150].
Artificial intelligence (AI) is an area of computer science in which sets of algorithms,
simulation packages, and computational technologies are used to mimic the cognitive
functions associated with human minds such as learning, reasoning, social intelligence,
problem-solving, and creativity [151]. A variety of AI techniques such as fuzzy logic,
genetic algorithm, analytic hierarchy process, simulated annealing, and neural network,
as well as AI subsets such as machine learning and deep learning, have been developed
and used in energy-efficient buildings [152]. Different AI schemes have been studied to
minimize the overall costs, energy consumption, and environmental issues associated with
the building sector. Furthermore, a few studies of PCM-enhanced buildings have been
carried out using only genetic algorithms, fuzzy logic, and reinforcement learning; these
are discussed in the following subsections.

2.4.1. Genetic Algorithm

To solve a problem, machine learning can produce a set of rules which are complete,
correct, and concise. However, there are usually trade-offs between the mentioned criteria;
such problems are called multi-objective optimization problems, which are difficult or
impossible to solve. Hence, genetic algorithms can be used to provide a desirable set
of rules by evaluating the strength of the rules based on their responses to the training
inputs. The strictest rules are considered as “parents”. New rules are then produced
as “off-springs” by genetic operators. In each step, some old and low-quality rules are
replaced by new and robust rules, leading to an evolutionary process [153].

There are quite a few studies on the application of genetic algorithms in design-
based optimization of PCM storage units [154] and PCM integration into the build-
ing envelopes [155]. However, only a few studies have discussed the implementation
of a control strategy into a PCM-enhanced building using genetic algorithms. Kon-
stantinidou et al. [156] conducted a simulation-based study using EN adaptive comfort
model [157] in combination with multi-objective optimization using a genetic algorithm to
minimize the cooling demand and discomfort time of undivided and subdivided office
buildings enhanced with PCM. To this end, the application of a control strategy for air
conditioning and ventilation patterns was also necessary to fully utilize the PCM and
enhance its performance. The effect of some parameters such as materials, thickness, and
location of insulation and PCM used was studied. Moreover, some operational conditions
such as natural ventilation load, HVAC set-point, and control strategies were applied
to investigate the cooling demand and comfort period. The results showed that PCM
could reduce the cooling demand and discomfort hours of the undivided office building.
However, in the case of subdivided space, a reduction was only observed in the south
and east orientations of the buildings, probably due to their exposure to solar radiation.
Zhu et al. [158] simulated the thermodynamic behavior of building structures enhanced
with shape-stabilized PCM to be able to analyze its thermal performance under different
conditions and control strategies. Using genetic algorithm, they predicted the heat transfer
between the internal surface and indoor space when indoor comfort level was sustained.
Barthwal et al. [159] investigated the economic and environmental aspects of an air condi-
tioning system incorporated cold thermal energy storage system under fully or partially
operating modes. The system design was optimized for a commercial building to maximize
exergy efficiency and minimize the total investment and operating costs. The optimization
was carried out for two different refrigerants, R134a and R717, in the vapor compression
refrigeration cycle of the system. The employed thermal energy storage was ice or PCM
(salt hydrates). The maximum exergy was achieved when PCM and R717 were used as the
TES and refrigerant, respectively, regardless of the operating mode (full/partial).
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2.4.2. Fuzzy Logic

Fuzzy logic, which was introduced by Zadeh [160], is a powerful technique to control
strongly non-linear and not well-defined systems, to overcome the uncertainties of expert
knowledge and experience and to integrate with the conventional control methods [161].
Based on the fuzzy logic the true value of variables may be any real number between 0 and
1, which represents the concept of partial truth, in contrast with the classical set, which are
discrete values of either 0 or 1. Indeed, unlike the classical set, fuzzy set allows a smooth
membership boundary [162]. For example, there are three ranges for pressure such as low,
medium, and high. The classical set considers each temperature as either low, medium,
or high; however, this boundary is vague in the fuzzy logic set as shown in Figure 19.
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Although fuzzy logic-based controls are flexible, user-friendly, and it is easy to check
their consistency, redundancy, and completeness [163], the development of the fuzzy rules,
membership functions and fuzzy outputs is tedious and time-consuming. In addition, a lot
of data and expertise are required to develop a fuzzy system [164]. Fuzzy logic is sensitive
to small changes, so the parameters have to be tuned carefully [165].

Ao et al. [166] used a fuzzy mathematical method to select suitable phase change
materials (out of seven chosen PCM) for space heating and cooling of solar buildings in
China. Considering the melting temperature, latent heat, thermal conductivity, material
cost, and safety, dodecanol was selected due to its highest performance index (0.832 out of 1).
Esmaeilzadeh et al. [167] attempted to implement different control systems in a combined
solar–gas–electric thermal system, including a PID controller manipulated by fuzzy rule
sets, the ON/OFF controller, and fuzzy logic (trial and error) control system. Their objective
was to minimize the cost of energy used while ensuring comfortable temperatures in a
building in Tehran, Iran. Figures 20 and 21 show a schematic view of the building and the
overall controlled strategy applied, respectively. Further, they studied the performance
of two energy storage systems, such as hot water and paraffin-based PCM reservoirs, to
store the surplus available solar energy. The results showed that fuzzy logic was the most
economical method in controlling and optimizing the proposed system (Figure 22). They
claimed that in systems with no accurate model, fuzzy trial and errors can result in more
efficient control systems. In terms of the energy storage system, both water and PCM were
successful in storing the surplus collected solar energy; however, based on the selected
PCM and its application, hot water was more economical. The use of control strategy
in combination with the energy storage system led to 33% greater energy-saving than
ON/OFF and PID controllers.



Energies 2021, 14, 1929 27 of 39

Energies 2021, 14, x FOR PEER REVIEW 27 of 39 
 

 

strategy in combination with the energy storage system led to 33% greater energy-saving 
than ON/OFF and PID controllers. 

 
Figure 20. The schematic view of the controlled strategy used for energy management in buildings 
[168]. 

 
Figure 21. The overall control strategy applied to the building [167]. 

Figure 20. The schematic view of the controlled strategy used for energy management in build-
ings [168].

Energies 2021, 14, x FOR PEER REVIEW 27 of 39 
 

 

strategy in combination with the energy storage system led to 33% greater energy-saving 
than ON/OFF and PID controllers. 

 
Figure 20. The schematic view of the controlled strategy used for energy management in buildings 
[168]. 

 
Figure 21. The overall control strategy applied to the building [167]. Figure 21. The overall control strategy applied to the building [167].



Energies 2021, 14, 1929 28 of 39Energies 2021, 14, x FOR PEER REVIEW 28 of 39 
 

 

 
Figure 22. Effect of different control algorithms on indoor comfort temperature in the house integrating PCM reservoir 
[167]. 

2.4.3. Machine Learning 
Machine learning is the study of computer algorithms, which builds a pattern and 

develops a model, based on massive amount of data, known as “training data”. In prob-
lems having a large number of variables or for systems that are difficult to model, machine 
learning is one of the techniques used [169]. With the rapid development of artificial in-
telligence, machine learning is a promising approach for heating and cooling enhance-
ment of PCM-integrated systems. Machine learning can develop models to be used in 
model predictive control strategies as well as generation of an optimization function to 
prioritize time and use of different sources of energy in PCM-integrated buildings. Tang 
et al. [170] employed a supervised machine learning approach in an exergy-based optimi-
zation for a system, and hence improved the system performance by 2.6% from 849.9 to 
872.06 kWh. Peng et al. [171] indicated that the application of reinforcement learning re-
duced energy consumption of an office building between 7% and 52% compared to a con-
ventionally controlled system. Zhou et al. [172–175] adopted machine learning approach 
to optimize the geometrical and operating parameters of a hybrid system integrating PCM 
and perform stochastic uncertainty-based analysis. Later on, Zhou et al. [176–178] per-
formed a review study on the application of machine learning in design and smart control 
of PCM-integrated cooling systems, parametric, and uncertainty analysis and its use in a 
single/multi-objective optimization for optimal design and robust operation. 

Reinforcement learning is a type of machine learning as an application of artificial 
intelligence [179]. In this technique, a system is trained through the interactions between 
the learner and environmental evaluative feedbacks to improve its decision-making abil-
ity. Reinforcement learning is a system based on a set of states and actions. In each state, 
an action is taken, and a reward is given. A decision is then taken based on the reward 
function and discount factor to maximize the cumulative discounted expected reward 
[180]. However, the need for a large number of experimental measurements [181] or a 
regression model to generate synthesized data for policy training purposes [182], and 
large data storage devices are the limitations of the intelligent control systems [183]. 

Several studies have been carried out using reinforcement learning to ensure the ther-
mal comfort of buildings [184]. Heo et al. [185] reported an energy saving of 14.4% and 
improved indoor air quality as a result of the implementation of reinforcement learning 
approach. Reinforcement learning approach has been proved to learn difficult tasks of 

Figure 22. Effect of different control algorithms on indoor comfort temperature in the house integrating PCM reservoir [167].

2.4.3. Machine Learning

Machine learning is the study of computer algorithms, which builds a pattern and
develops a model, based on massive amount of data, known as “training data”. In prob-
lems having a large number of variables or for systems that are difficult to model, machine
learning is one of the techniques used [169]. With the rapid development of artificial intelli-
gence, machine learning is a promising approach for heating and cooling enhancement
of PCM-integrated systems. Machine learning can develop models to be used in model
predictive control strategies as well as generation of an optimization function to prioritize
time and use of different sources of energy in PCM-integrated buildings. Tang et al. [170]
employed a supervised machine learning approach in an exergy-based optimization for a
system, and hence improved the system performance by 2.6% from 849.9 to 872.06 kWh.
Peng et al. [171] indicated that the application of reinforcement learning reduced energy
consumption of an office building between 7% and 52% compared to a conventionally
controlled system. Zhou et al. [172–175] adopted machine learning approach to optimize
the geometrical and operating parameters of a hybrid system integrating PCM and per-
form stochastic uncertainty-based analysis. Later on, Zhou et al. [176–178] performed
a review study on the application of machine learning in design and smart control of
PCM-integrated cooling systems, parametric, and uncertainty analysis and its use in a
single/multi-objective optimization for optimal design and robust operation.

Reinforcement learning is a type of machine learning as an application of artificial
intelligence [179]. In this technique, a system is trained through the interactions between
the learner and environmental evaluative feedbacks to improve its decision-making ability.
Reinforcement learning is a system based on a set of states and actions. In each state,
an action is taken, and a reward is given. A decision is then taken based on the reward
function and discount factor to maximize the cumulative discounted expected reward [180].
However, the need for a large number of experimental measurements [181] or a regression
model to generate synthesized data for policy training purposes [182], and large data
storage devices are the limitations of the intelligent control systems [183].

Several studies have been carried out using reinforcement learning to ensure the
thermal comfort of buildings [184]. Heo et al. [185] reported an energy saving of 14.4% and
improved indoor air quality as a result of the implementation of reinforcement learning
approach. Reinforcement learning approach has been proved to learn difficult tasks
of controlling TES systems and achieve a substantial estimated cost saving [186]. This
approach results in more financial benefits over the conventional control methods, but
cannot compete with predictive optimal control strategies [186].
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In terms of PCM-enhanced building application, de Gracia et al. [187] applied the
reinforcement learning technique to control an innovative south-facing ventilated façade
with PCM integrated into its air chamber to reduce the cooling energy requirement of an
experimental house-like cubicle (internal dimension of 2.4 m × 2.4 m × 5.1 m) built with
alveolar brick walls and insulated using 80 mm polystyrene, in summer. To this end, PCM
placed in the chamber was solidified using mechanical ventilation (free cooling powered
by a fan) at night, and the coolness stored in PCM was released to the room during the
peak demand hours, as shown in Figure 23. The schedule of charging and discharging
processes of PCM was achieved through optimal control based on the weather forecast
and indoor room temperature. This control algorithm was then implemented in cities with
different climatic regions (according to Köppen–Geiger climate classification) and thereby
improved electrical energy-savings. The comparison of the predicted and real energy-
savings in the experimental cubicle in Lleida city, Spain, showed less than 18% variation
even though the performance of the system was sensitive to the accurate weather forecast.
In another study, de Gracia et al. [188] designed three control strategies with different
objective functions such as cost-savings, energy reduction, and CO2 mitigation. They
aimed to control the PCM-enhanced ventilated façade using an experimentally validated
numerical tool discussed in their paper [187], under different climatic conditions. The PCM
system was composed of several flat containers filled with RT21. The control strategies were
implemented to optimize the timing and distribution of charging, storing, and discharging
processes of PCM and thereby get the maximum benefit. The application of these control
strategies resulted in energy-saving in suitable climatic conditions where the nighttime
temperature was low enough to solidify the PCM and prevented the possible waste of
energy in the case where the PCM was not able to solidify. The averages of energy-saving,
cost-saving, and CO2 mitigation were 4.3%, 7.8%, and 16.7%, respectively.

Energies 2021, 14, x FOR PEER REVIEW 29 of 39 
 

 

controlling TES systems and achieve a substantial estimated cost saving [186]. This ap-
proach results in more financial benefits over the conventional control methods, but can-
not compete with predictive optimal control strategies [186]. 

In terms of PCM-enhanced building application, de Gracia et al. [187] applied the 
reinforcement learning technique to control an innovative south-facing ventilated façade 
with PCM integrated into its air chamber to reduce the cooling energy requirement of an 
experimental house-like cubicle (internal dimension of 2.4 m × 2.4 m × 5.1 m) built with 
alveolar brick walls and insulated using 80 mm polystyrene, in summer. To this end, PCM 
placed in the chamber was solidified using mechanical ventilation (free cooling powered 
by a fan) at night, and the coolness stored in PCM was released to the room during the 
peak demand hours, as shown in Figure 23. The schedule of charging and discharging 
processes of PCM was achieved through optimal control based on the weather forecast 
and indoor room temperature. This control algorithm was then implemented in cities with 
different climatic regions (according to Köppen–Geiger climate classification) and thereby 
improved electrical energy-savings. The comparison of the predicted and real energy-sav-
ings in the experimental cubicle in Lleida city, Spain, showed less than 18% variation even 
though the performance of the system was sensitive to the accurate weather forecast. In 
another study, de Gracia et al. [188] designed three control strategies with different objec-
tive functions such as cost-savings, energy reduction, and CO2 mitigation. They aimed to 
control the PCM-enhanced ventilated façade using an experimentally validated numerical 
tool discussed in their paper [187], under different climatic conditions. The PCM system 
was composed of several flat containers filled with RT21. The control strategies were im-
plemented to optimize the timing and distribution of charging, storing, and discharging 
processes of PCM and thereby get the maximum benefit. The application of these control 
strategies resulted in energy-saving in suitable climatic conditions where the nighttime 
temperature was low enough to solidify the PCM and prevented the possible waste of 
energy in the case where the PCM was not able to solidify. The averages of energy-saving, 
cost-saving, and CO2 mitigation were 4.3%, 7.8%, and 16.7%, respectively. 

 
Figure 23. Operation of ventilated façade in modes of (A) charging process, (B) storage, and (C) 
discharging processes [188]. 

Figure 23. Operation of ventilated façade in modes of (A) charging process, (B) storage, and (C)
discharging processes [188].

Rahimpour et al. [189] applied reinforcement learning technique based on “deep
deterministic policy gradient” to a PCM-enhanced building to investigate its thermal
performance. This technique eliminated the problems associated with regress model-based
methods such as variety in building design and construction types which raises a need for
developing and verifying a thermal model for each individual building. This approach can
manage the nonlinearity behavior of PCM, as well. The comparison between this approach
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and other approaches such as “approximate dynamic programming” and “HVAC system
with dead-band relay”, over 42 weeks in Sydney, showed a cumulative electricity cost of
$696.2, $715.6, and $3256.0, respectively, based on Australian currency.

3. Advantages and Disadvantages of Different Control Strategies

ON/OFF thermostatic controllers are low in cost, simple and easy to apply; however,
they are not able to control dynamic processes with time delays, which may cause high
energy consumption or large oscillations from the desired temperature set-point. The
performance of classical controllers is ensured only if operating conditions remain close to
the controller’s tuning conditions, since re-tuning the controller parameters is demanding,
laborious and time-consuming [70]. Optimal and robust controllers are promising as they
can handle disturbances and time-dependent parameters as well as nonlinear systems [73].
In general, in hard control approaches (classical, optimal, and MPC), it is difficult to
guarantee robustness in HVAC systems as they are highly dependent on a lot of time-
varying conditions in buildings, and hence each of them requires the specification of
additional parameters in which their integration into HVAC system may be difficult and
impractical [70]. In addition, these methods usually require a regress mathematical model
to predict the performance of the system, properly.

Based on soft control approaches, such as artificial intelligent methods, a system is
modelled as a black box, which does not require any understanding of underlying physics
of the process. These data-driven models, however, require training data on a wide range
of operating conditions, which is not practical for many systems. On the other hand,
industries are still not interested to employ a black-box approach in their system [70].

4. Opportunities

The implementation of control strategies is important and better control over the
performance of a PCM system provides long-term benefits and compensates for its high
cost [190]. Each control strategy has some advantages and disadvantages, and hence the
selection should be based on the associated application. HVAC systems, for instance, have
a nonlinear behavior and complex dynamic [191]. Therefore, the incorporation of control
strategies using artificial intelligence methods, without the need for a physical model
of the system, is advantageous. Behrooz et al. [192] claimed that the fuzzy cognitive
map method, which is the combination of fuzzy systems and neural network methods,
embodies the robust features of both methods and hence is a promising control strategy for
reducing the energy consumption of HVAC systems. As discussed in the above sections,
there is very little work done on the control strategies using artificial intelligence and
its subsections. However, more investigations are required to find a proper, simple, and
economic control method.

5. Challenges

PCM technology has the potential to reduce energy consumption under cold, mild,
and warm weather conditions [27]. However, in extremely hot and humid climates it may
not provide thermal comfort [193] as dehumidification may be required [194]. The cost
of PCM is also another crucial factor in designing such systems. Since the early stages
of PCM integration into buildings [195] and until recently [196], researchers have been
concerned about the high cost of PCM. Under some circumstances, the use of efficient
insulation for buildings [155] or an ice storage system [197] is more cost-effective than using
PCM, although the latter can save space [197]. Therefore, the wise integration of PCM, in
terms of its location, melting temperature, and extent should be considered. In passive
applications, as reported by Kissock and Limas [198], the location of PCM depends on the
relative convection coefficients of inside and outside surfaces. If convection coefficients
for inside and outside are equal, PCM should be placed in the middle of wall to minimize
the peak load. However, the convection coefficient of the outside surface is typically larger
than that of the inside surface because the former is exposed to wind, higher temperature,



Energies 2021, 14, 1929 31 of 39

and effect of radiation. Hence, the optimal location of the PCM is in the middle toward the
inner surface. It is worth noting that the melting temperature of PCM should lie within
the comfort zone of the desired building [199]. In addition, to get the maximum benefit of
PCM while reducing the capital cost, it should be integrated into the proper orientation of
the building’s wall, which is the south and west-oriented walls in the northern hemisphere
and north and east-facing walls in the southern hemisphere [200].

The cost of PCM is still high, and hence to get a greater heat transfer performance,
active PCM technology is preferred, which enables the system to absorb and release energy
on demand and reduce the quantity of PCM needed to create a specific effect. On the
other hand, some strategies are required to control such active systems, which may be costly,
time-consuming, and require a high level of expertise. Therefore, these control strategies
should be designed well and adequately [76]. In addition, problems like sensor faults and
control strategy flaws may negatively affect the system performance and efficiency [201].

Model-based control strategies require a regress mathematical model of a process
that is difficult to obtain for different types of buildings under different environmental
conditions. Data-driven based control methods generate a mathematical relation between
input and output data, based on the black-box concept. Thus, the developed correlation
works well if the input data is similar to those in the training data set; otherwise, the vari-
ability of input data such as different weather conditions, building design, and construction
type [189] or different boundary conditions [202] may prevent it from generalization to
other systems. Urresti et al. [202] stated that the generalization ability of a system can
be improved by using special training algorithms such as “Bayesian Regularization” or
training the network by part of the data, and hence testing the system via the remaining
data. Hybrid control strategies which involve the combination of hard and soft control
schemes inherit the strengths and weaknesses of both control approaches.

6. Conclusions

This review provides an overview of the control strategies applied to PCM-enhanced
buildings. In general, there are three main categories of control strategies, namely, ON/
OFF, conventional, and intelligent methods. ON/OFF control strategies rely on a specific
schedule such as night/day mode, or an experimental measurement to switch HVAC
systems from fully open to fully closed and vice versa. Despite its simplicity, it may create
signal noises and hence fail to provide accurate output measurements. In conventional
methods, designers should mathematically model the system to be controlled. However,
intelligent control methods provide an abstract model of the system based on input and
output data. Intelligent controls are the best options when a system is highly nonlinear,
challenging, or impossible to be modeled. The intelligent controls, however, require a large
number of empirical data or a regression analysis model to generate enough data. Further,
appropriate memory and computational saving devices are needed for the data storage to
be used for modeling the system behavior.

There are still some challenges with the application of control strategies in combination
with PCM-enhanced buildings. The type of PCM, its amount, the location used, and price
and climatic weather conditions are some of the essential factors that should be considered.
In addition, the implementation of control systems is costly, time-consuming, and requires
a high level of expertise.
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Nomenclature

CompactRIO Compact Reconfigurable Input/Output
CFD Computational fluid dynamics
FPGA Field Programmable Gate Array
HVAC Heating, ventilation and air conditioning
I/O Input/Output
LHTES Latent heat thermal energy storage
MPC Model predictive control
NZEB Nearly zero Energy Buildings
P Proportional
PCM Phase change material
PD Proportional-Derivative
PI Proportional-Integral
PID Proportional-Integral- Derivative
PV/T Photovoltaic thermal
TES Thermal energy storage
TRNSYS Transient systems
UOW University of Wollongong
Greek symbols
∆T Temperature difference between surface and the environment
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