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Article

Global Solutions for Sustainable Heating, Ventilation, Air
Conditioning, and Refrigeration Systems and Their Suitability to
the New Zealand Market

Nicholas Andrew Harvey and Eziaku Onyeizu Rasheed *
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* Correspondence: e.o.rasheed@massey.ac.nz

Abstract

This paper attempts to find alternative ways in which heating, ventilation, air conditioning
and refrigeration systems can be made more energy efficient and sustainable at a global
level. Eight technologies or solutions that either passively or supplementarily reduce the
heating or cooling load required by a structure are detailed. These technologies or solutions
were then presented to heating, ventilation, air conditioning and refrigeration industry
professionals in New Zealand to determine their viability and further establish market
readiness towards integrating new, innovative, and sustainable solutions in New Zealand.
A literature review was conducted to establish the performance of the selected solutions
and understand their operational principles and the efficiency they provided. Qualitative
research and data collected via semi-structured interviews provided the data for assessing
the viability of the selected technologies in the New Zealand market. Following a thematic
and hybrid-thematic analysis of the data, the technologies were ranked, and suggestions
were made to help improve innovation and energy efficiency in the heating, ventilation,
air conditioning, and refrigeration industry in New Zealand. Of the technologies selected,
airtightness, heat recovery ventilation retrofits, materials and design principles, and photo-
voltaic hot water heating were identified as the most viable. The New Zealand market was
deemed not to be in a good position to adopt new or alternative solutions. The main issues
affecting New Zealand’s market readiness to assimilate innovative and energy-efficient
solutions are a lack of new technologies, poor standards of education throughout the
industry, a lack of regulation, and a lack of government incentives.

Keywords: heating; ventilation; air conditioning; HVAC; New Zealand; energy; efficiency;
sustainability; innovation

1. Introduction

The World Bank predicts that nearly 70% of the global population will live in cities
by 2050 [1]; in New Zealand, this is already at 87% [2]. The energy demand from New
Zealand’s residential sector accounts for 33.8% of total demand. If commercial usage is
included, that number increases to 57.9%. Residential energy usage related to the heating,
ventilation, air conditioning, and refrigeration (HVAC&R) trade in New Zealand is 74%, or
25% of the country’s total production [3].

With more people living and working indoors, and with the temperature and weather
associated with global warming, the need for indoor environment control for either the
inhabitation or the storage of goods is expected to increase. There are two potential

Energies 2025, 18, 2190 https://doi.org/10.3390/en18092190
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solutions to this problem: either produce cheaper, more accessible systems that increase
energy demand, or explore integrated solutions that reduce the heating and cooling demand
of our buildings, so they use less energy and are more efficient. This research details eight
technologies that fit into the categories of geothermal, building envelope, design, and
alternative energy sources and assesses them for viability in the New Zealand market.

Interior temperature control in buildings already accounts for 32% to 40% [4] of the
total international electrical energy generation. With significant populations around the
world and large minority groups rising out of poverty, the option for indoor climate control
will become attainable. An expected increase in demand for heating or cooling leads to
either uncomfortable living conditions or power/energy poverty in low socio-economic
communities [5]. When combined with expected temperature increases associated with
global warming, the requirement for electrical energy to power these systems will dramati-
cally increase.

With the expected increase in demand for indoor temperature control, mass-producing
cheap HVAC&R systems will significantly increase the electricity demand of buildings.
An alternative approach exists to reduce the energy demand of traditional systems or
supplement their performance with passive solutions to improve efficiency. The integration
of passive design and the availability of more efficient technologies will reduce energy
demand and improve access to better quality, more economical, and healthier systems for
lower-income families in emerging markets.

It is plausible that the motivation that drives the customer’s decision to choose a
product based on the principles of its sustainability or efficiency is not definitive. The
industry should strive for efficiency and provide healthy, affordable, and comfortable
environments for the people who occupy and inhabit the spaces we build.

This work aims to find alternative ways for HVAC&R systems to be made more
energy efficient and sustainable at a global level, and, further, to establish market readiness
towards integrating new, innovative, and sustainable solutions in New Zealand.

There is a need to understand the challenges the New Zealand HVAC&R market faces
when implementing innovation, identify any underlying barriers that restrict improving
the efficiency of the systems, and uncover attitudes towards new or alternate techniques
or technologies.

2. Background

A joint agreement is that building energy requirements make up a significant portion
of global energy consumption. Although there is no exact number agreed upon across the
literature reviewed, the consensus is that it is a considerable proportion, likely between 20%
and 50% globally; 22% of the residential sector in the United States of America [6], 50% of
global energy usage worldwide [7], and 20.1% of the total delivered energy worldwide [8].
This demand is likely to increase in the future with a global move towards a high-density,
urban population whose inhabitants’ time is spent primarily indoors [9]. The literature
shows that refrigeration and air conditioning (excluding heating and ventilation) are
responsible for about 15% of the total electricity consumption around the world [10].

New Zealand’s climate, as described by the Köppen–Geiger climate classification
system, is temperate, with no dry season, warm summer (Cfb) [11]. Whereas other climate
types exist, Cfb is predominant and describes all areas of high-density population. This
work focuses on identifying HVAC&R systems that are implementable in New Zealand’s
climate. As such, the coefficient of performance (COP), a common thermodynamic method-
ological measure that represents the efficiency of a system, is used to compare the systems’
useful heating or cooling produced (Q) to the work required (W). This comparison is
conducted based on a widely accepted framework to engineer passive cooling systems
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consisting of three steps: prevention of heat gains, modulation of heat gains, and heat
dissipation [10].

This process was used as a starting point to identify possible solutions. The identified
solutions are discussed under the following categories:

(1) Geothermal solution,
(2) Envelope and Building Design solution, and
(3) Alternative energy sources.

2.1. Geothermal Solution

The geothermal principle is a renewable energy application. Outside air temperatures
fluctuate with the yearly seasonal cycle; however, the temperature of the soil below the
surface remains relatively constant. Caused by the Earth’s temperature, this temperature
stays at a constant just below the outside air mean temperature [10].

Geothermal heating and cooling uses the subterranean soil as an energy transfer
medium. At a depth of up to 10 m below ground level, soil temperatures are affected
by the daily and seasonal weather cycles; below 10 m depth, temperatures become rel-
atively constant, followed by a minor increase in temperature with depth at a rate of
2.5 ◦C/100 m [12].

Soil recharge is a drawback of all geothermal applications. As heat is transferred or
absorbed by a heat exchanger, the temperature of the soil changes, and the differential
between the soil temperature and the outdoor air temperature reduces, reducing the
potential of the system. A recharge period is required in all geothermal applications to
allow the soil temperature to return to its natural value.

2.1.1. Geothermal Heat Pump (GEP), Ground Source Heat Pump (GSHP)

A Geothermal Heat Pump (GHP), also known as a Ground Source Heat Pump (GSHP),
can be either installed horizontally (in shallow trenches 1 to 2 m deep) or vertically down
boreholes up to 250 m in depth. Heat is extracted or rejected to the ground by means
of buried pipes, through which a heat transfer fluid usually circulates, either water or a
water/antifreeze solution [13]. Despite having higher installation costs, vertical installations
are more common.

GHP/GSHP limitations to implementation can be described as non-standardised sys-
tem designs, significant capital cost compared to other systems, limited skilled individuals
knowledgeable in the installation process, and government policy limitations [14]. Upfront
capital cost for installation and groundwork is a disadvantage of the Geothermal Heat
Pump solution [14].

2.1.2. Foundation/Slab Heat Exchanger (FHX), Geothermal Heat Exchanger Pile (GEP)

Geothermal Energy Piles (GEP) are systems that are not exposed to the groundwork
cost associated with Geothermal Heat Pumps. This is because the technique mitigates
the requirement for additional excavation and groundwork by utilising the excavation or
pile boring process during construction. The heat exchanger components (absorber pipes)
are installed in the excavation voids before the pile/foundation material is poured; this
transforms the pile into a heat exchanger. Reinforced concrete piles have been found to
be advantageous in thermal energy transfer due to the material’s high thermal storage
capacity and enhanced heat transfer capabilities [15].

The system can be used for both heating and cooling demands with the seasonal cycle.
In warmer seasons, when occupants require cooling, the system will use the reinforced
concrete pile and soil material as a heat sink. In the colder seasons, this energy is recovered
from the ground, which is used as a heat source for the building [16]. GEPs cannot
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completely offset the energy usage, and electrical energy input will still be required to drive
a heat pump [17].

A Foundation Heat Exchanger (FHX) is a concept for a Horizontal Ground Heat
Exchanger (HGHX) and latent heat thermal energy storage (LHTES) system [18]. An
FHX system uses absorber pipes embedded in the foundation (rather than piles) during
the construction phase. FHX installations have properties like GEPs, and such will be
considered a similar concept/technology.

GEPs and FHXs do not have the excavation costs of GHXs and are shown to be
economically beneficial with time; they, too, experience low maintenance costs as most
of the material is embedded in concrete. As it is a new technology, there will be a lack of
experienced professionals with experience in these installs; universal guidelines are not
fully developed and will likely be required to ensure consistency. GEPs with closed-loop
systems offer a COP of between 3.0 and 5.0 [16].

2.1.3. Earth Air Heat Exchanger (EAHE)/Earth Air Tube Heat Exchanger (EATHE)

A building structure can either be in direct or indirect ground communication [19].
Direct ground communication occurs when the building envelope directly interacts with
the earth, either partially or fully embedded, for example, in subterranean or underground
basements. Indirect communication occurs with systems such as Earth, Air Tunnel Heat
Exchangers (EATHE), Earth Air Heat Exchangers (EAHE), or Geothermal Heat Pumps,
where heat is transferred through a medium to the building. In the examples of EATHE
and EAHE, the air is passed through pipes buried underground, the temperature of the
soil is transferred to the air via the pipe walls, and the air is then passed into a structure
that is not completely embedded in the terrain.

Ahmed et al. [20] identify two different categories of EAHE, closed loop and open
loop. The closed-loop system does not exchange the air in the system with the outdoor air.
The air inside the room is cycled through the EAHE and back into the room, heating or
cooling depending on the temperature difference between the soil and air. In the open-loop
system, fresh air is passed through the EAHE before being distributed to the room and later
vented to the atmosphere via an outlet. Where there is the benefit of improved air quality
for the open system, the closed loop is considered more energy efficient as the continual
cycling reduces the size of the required exchanger tube.

Reported performance of Earth Air Heat Exchanger systems is varied. Literature
shows the system’s performance in dry climates where the technology originates, where
the system was able to reduce incoming air temperature from a mean of 30.9 ◦C by 7.5 ◦C;
however, as the heat was transferred to the soil, the effectiveness reduced [21]. These types
of applications may be viable in the summer hot, dry regions of New Zealand, such as
Canterbury or Hawkes Bay.

2.2. Envelope and Building Design Solution

The literature for locations under the Köppen–Geiger climate classification temperate
(Cfb) states that interior thermal performance and comfort for occupation should begin
with an airtight envelope, supplemented with energy-efficient passive heat sources [22].

A combination of a Trombe wall, shading, ventilation, and insulation is the most
effective and low-cost passive option for this climate type [9]. Many literature sources agree
with the requirement for insulation and suggest reducing the building envelope’s exposure
to the outside environment [8,23,24]. The following categories, namely, Trombe wall, roof
insulation, materials, reflective surfaces, insulation, and phase change materials, will be
considered together as envelope and building design principles.

4
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2.2.1. Trombe Wall

A Trombe wall is an indirect gain passive solar system; its purpose is to supply heating
and ventilation in buildings by means of solar radiation [25]. Typical construction of this
feature consists of a thick slab wall with a heat-absorbing material exposed to a solar source.
A transparent glazing, typically glass, is placed with an air gap 2–10 cm away from the
wall [26].

Literature is inconclusive regarding the optimal thickness of the slab wall; however,
30 to 40 cm is around the commonly stated dimension [27], 15 cm is very sensitive to
changes in solar radiation, while 30 cm thickness was enough to dampen these changes to an
acceptable degree for occupation. While a thickness of 30 to 40 cm is recommended [26,28],
and 35 cm is the mean [29], 45 cm (thickness) should be used when energy is desired
to store energy for nocturnal warming [29]; however, if warming during the day is the
priority, a thickness of 20 cm is the best choice. Ideal materials for construction vary, with
solid brick having the highest cumulative heat gains in summer and lowest in winter [29],
whereas others recommend a concrete-constructed wall [26,28]. A common agreement for
the performance of the system is highly dependent on design details, such as size, glazing
type, absorber, air layer thickness/channel width, and vents [29]. Divergence from an
effective 201 design would limit peak efficiency and energy reductions.

Literature shows that the application of a Trombe wall in Ancona, Italy (climate classifi-
cation Cfb) contributed to a reduction of heating demand of around 28% [29]. Furthermore,
recommending tailored shading devices and vents with daytime operating schedules and a
night ventilation strategy for similar regional locations can result in a reduction of cooling
loads by 35% or more. All materials and techniques described in the literature would be
accessible and implementable in the New Zealand market.

2.2.2. Roof Insulation

In the United States, 14% of total heat gain for single-story residential buildings comes
from the roof structure; this figure is lower for multi-story structures [30]. Literature shows
research conducted on the possibility of heating and cooling with air recovered from the
roof space in typical existing New Zealand residential buildings, and recommends that
roof space air should not be used for this purpose, as the benefits were not significant [31].
It was found that a lack of airtightness, lack of insulation, and high thermal conductivity of
materials typically used in New Zealand result in significant reductions in the temperature
of the roof space when incident solar radiation is no longer available, be it seasonal,
meteorological or diurnal [31].

Another research study explored different roof configurations and material perfor-
mance under tropical conditions and found that the temperature of common flat roofs is
10 ◦C above the ambient temperature, rising to 15 ◦C on hot days [30]. They compared the
thermal performance of different materials and found that clay tile-clad roofs had better
performance over steel roofing, with the latter having an additional maximum ceiling
temperature rise of 6 ◦C along with higher daily fluctuations. When comparing roof config-
urations, flat roofs, compared to roofs of different geometries, changing to a gabled or hip
roof design results in a reduction of temperature by up to 5 ◦C [30].

By using better available cladding materials, ensuring airtightness, and using
favourable roof configurations, the stability of roof space temperature can be controlled.
This minimises the losses of energy to and from the building through the roof space,
stabilising the internal temperature and resulting in less energy requirement to meet a
comfortable standard.
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2.2.3. Materials, Reflective Surfaces and Insulation

It is widely accepted that to conserve energy, the thermal performance of buildings
needs to be upgraded [32]. Additionally, modern homes are easy to heat and difficult to
cool. Several studies have shown the potential of using cheaply attainable materials to
control the amount of energy transmitted into and attained by a building envelope. By
comparing several building materials (hollow block, red, brick, and solid block) treated
with different layers of plaster, insulation material, and reflective coatings, and found that
the treatment of two layers of plaster insulation and a reflective surface showed a reduction
of thermal load by up to near 49% to a non-treated configuration [7]. When compared to
plaster and painting against exterior shade and natural ventilation, the combination of the
latter was found to be more effective as a cooling technique [33].

A standard agreement is the unavailability of inferior environmental conditioning
for low socioeconomic households. Where this occurs in hot, dry, and equatorial climates,
natural ventilation should be implemented to reduce the energy demand required by active
environmental controls [5,7,24,34]. Furthermore, natural ventilation [5], as a means for
controlling thermal comfort in low socio-economic households under hot conditions, only
caused large periods of thermal discomfort, so a mixed mode solution of air-conditioning
during the middle of the day, with natural ventilation, was required during dawn and
evening. For these climates, the agreement is made for the benefit of reflection, shading,
and insulation as an affordable method for reducing energy consumption [7–9,21,24,32,34].

2.2.4. Phase Change Materials

Phase Change Materials (PCM) are a Latent Heat Thermal Energy Storage (LHTES)
technology. PCMs work by either storing or releasing latent heat during a phase change
process within the material. With this application, PCMs make fantastic insulation materials
that reduce heat loss in winter and slow heat gain in summer.

Considerable energy performance can be gained by incorporating PCMs into building
envelopes, such as walls, floors, and roofs; however, several factors affect the performance
that can be achieved by considering the seasonal effects on temperature, climate, orien-
tation, thickness, phase-change temperature and position of the PCM placement [35]. By
retrofitting building envelopes with LHTES, building energy consumption can be reduced
by 20 to 50% [36].

PCMs as insulation material are recommended to be used as a supplement to tradi-
tional methods, not to replace them. Newer PCM products are easy to install, nontoxic,
and can be produced from organic matter. As they are considered new technology that has
not been fully adopted by the market, they are still considered expensive. PCM materials
work best in temperate climates, where there is a significant difference between outside
air temperatures during a diurnal cycle, for recharging purposes. For this same reason,
they should not be recommended to tropical coastal installations where the temperature
fluctuation is low. Phase Change Materials in Trombe wall designs have been proven to
better store energy than conventional materials [37].

2.2.5. Airtightness, Solar, Heat Recovery Ventilation Retrofits

Solar heating, via direct methods (Trombe wall, equatorial facing facades) or transfer
medium (Solar/Photovoltaic water heat exchanger), integrated with a Heat Recovery
Ventilation (HRV) system, is a current and recurring methodology that exists globally for
the climate type Cfb [22]. These methods reflect the theories of the Zero Energy Building
(ZEB) methodology [8].

Heat Recovery Ventilation (HRV) or air-to-air energy recovery systems are defined
as a device that is able to remove, extract, recover, or salvage heat from one airstream
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and transfer it to another airstream using a mechanical approach [38]. These provide
energy efficiency by reducing the energy consumption required by either preheating or
cooling air coming in from outside by transferring or absorbing thermal energy from the
exhaust airstream. This effectively minimises the heating or cooling load required by a
supplementary traditional air conditioning system. Based on climatic conditions, energy
savings in the range of 20 to 35% for annual energy consumption can be achieved by
employing air-to-air energy recovery systems [39].

However, heat recovery ventilation systems are not always efficient compared to
standard ventilation systems, especially in low-energy buildings with a primary energy
consumption of about 50 kWh/m2 per year [40].

Retrofitting can be difficult due to the requirement for installing ducts and vents
in the post-design phase or construction stage. This can be a compromise that risks
lowering the efficiency of the system. While the plant can be designed well, the installation
requires adequate design for the particular building, as well as proper installation and
commissioning [41]. Without it, the system’s benefits will be degraded.

2.2.6. Thermal Buoyancy Principles

� Solar Chimneys.

This passive ventilation system operates by a density gradient that stimulates thermal
buoyancy. By using the natural convection of air to ventilate a building, solar chimneys
normally consist of a vertical shaft (chimney) vented at the top and open at the bottom.
An external source heats the shaft, typically solar radiation. Through conduction, the air
molecules’ temperature increases and begins to rise, creating an updraft. The updraft
lowers the pressure at the base of the chimney; this, in turn, draws in air from the interior
of the building. The reduced pressure of the air inside the room then stimulates natural
ventilation in the form of fresh air being drawn in from the outside.

Solar chimneys are a form of solar-induced ventilation that supplies natural ventilation
to a building [42,43]. The feature has the benefit of lowering the indoor temperature of
the building, improving the ventilation airflow rate, and improving the fire rating of the
building through smoke ventilation.

Solar chimneys need to be designed properly to be effective. Tall, narrow structures
are best suited; however, adverse flow reversal effects can occur if the ratio of the height
to the diameter is less than 16 [44,45]. Research on the effects of the design of the roof
structure on the performance of a solar chimney shows that buildings with solar chimneys
and sloping roofs induced better ventilation rates over buildings with solar chimneys with
flat roofs [44]. The best performance was attained when the roof structure sloped upward
toward the chimney from all sides because of Bernoulli’s principle.

These structures can be utilised for energy generation with the installation of turbines
in the shaft [46], but this application is moving away from the scope of reducing the energy
required by traditional HVAC&R systems.

Solar chimneys are suitable for hot and arid climates [44], so they may be imple-
mentable for summer conditions on the east coast of the North and South Islands of New
Zealand [47]. Other applications are possible when coupled with an evaporative cooling
system; the thermal buoyancy induced by a solar chimney, drawing air past an evaporative
cooler, was able to reduce the peak cooling load of the evaporative cooling system in an
office in Japan by 10% [10].

� Domed Ceilings with Cupolas.

In the United States of America (and, to an extent, New Zealand), roof design is se-
lected based on cost and aesthetic aspects [48]. This overlooking of the thermal performance
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of roof configuration leads to thermal discomfort and the use of fans and air conditioning
systems as a corrective activity.

Solar energy collected by any roof configuration causes an increase in roof temperature.
The characteristic of a domed roof or vaulted roof is the auto-shading effect. With the
daytime passage of the sun, one side of the roof structure will be subject to direct sunlight
whilst the other remains in the shade (with the sole exception of midday). This difference in
transmission results in a warmer and cooler surface transmitting to the interior. This surface
temperature differential promotes internal air movement as the warming of one side of
the structure causes the internal air in contact with the surface to rise, with the opposite
happening on the opposing side, where the cooler surface causes the air to subside. The
hemispherical exterior shape of the structure has a unique effect via Bernoulli’s principle:
as air moves over the external surface, it accelerates over the crest, creating an area of low
pressure. If a cupola or vent is placed at the peak of the dome, the negative pressure caused
by air movement will cause suction and promote natural ventilation and extraction for the
internal space. Under normal circumstances, this vent will expel warm air, thus lowering
the interior temperature.

The literature provides ample information about the performance of the domed roof
solution when compared to flat roofs. Further literature shows that domed/vaulted roofs
provide lower internal temperatures than flat-roofed air-conditioned buildings in hot dry
climates [49,50]. Solar energy absorption levels are undecided as Gómez-Muñoz et al. [51]
found that hemispherical vaulted roofs received approximately 35% less solar energy than
a flat roofs; however, this is inconsistent with the findings of Sedighi et al. [52] who found
that heat transmitted through a domed roof is 70% more than a flat roof configuration
for the same base area. Further, multiple domes did not show heat transfer improvement
over flat roofs; however, heat transferability can be improved if cupolas are integrated into
the design.

This design principle would be best suited to areas of New Zealand where there are
high sunlight hours, as the system is designed around solar incidence and the requirement
for ventilation and cooling.

2.3. Alternate Energy Sources
2.3.1. Integrated Solar/Photovoltaic Thermal (PV/T) and Hot Water Heating

Due to continuous efforts to reduce the heating demand of buildings, the percentage
of energy used for hot water supply is predicted to increase decisively during the upcoming
years [53], with the relative weight of energy consumption for domestic hot water having
already notably increased [54].

Photovoltaic panels for electricity generation are a solution that supplements a build-
ing’s energy requirements and can be used to provide energy for hot water heating. When
comparing a photovoltaic loop heat pipe/solar-assisted heat pump (PV-LHT) water heating
system to an air-source heat pump, it was shown that the lifecycle costs of the new system
could be reduced by almost 30% over a standard air-source heat pump [55].

As for photoelectric efficiency, the highest value appears in winter [8,55], which is
due to the effect temperature has on the efficiency of PV panels. It is well known that
electrical efficiency in PC systems is reduced with increases in panel temperature [56]. As
the temperature of the panel increases, the efficiency of electricity production decreases.
This becomes problematic when peak electricity generation is typically available in summer
months when hot water demand is generally at its lowest; the opposite is the case for
winter, where generation is lowest and demand is highest, resulting in electrical generation
being insufficient to meet the required heating load.
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Photovoltaic Thermal (PV/T) is a solution that uses either air or liquid, acting as a
cooling medium for the PV panel. Heat is transferred away from the back of the panel,
increasing the panel’s efficiency, and the heated air or liquid is then either moved into the
home or elsewhere where it may be needed. A reverse cycle is possible where air or liquid
can be cooled during the night. Relatively high initial investment costs and low overall
efficiency of photovoltaic panels limit their viability [56].

2.3.2. Wastewater Source Heat Pump (WWSHP) and Heat Exchangers (WWHX)

As mentioned above, the relative weight of energy consumption for domestic hot
water is expected to increase notably. Wastewater Source Heat Pumps (WWSHP) and
Wastewater Heat Exchangers (WWHX) work by using the thermal energy that is stored
in grey water and reducing it through heat exchangers. Heating is the primary cycle;
however, cooling can be achieved in a reverse cycle, with heat being rejected into the
wastewater stream.

There are two distinct applications: local systems, which exchange energy as the
greywater leaves a premises, and district systems, where an exchanger integrated into the
wastewater infrastructure benefits multiple buildings within its locality. Local systems are
regularly used for hot water heating, achieved by recovering the thermal energy stored in
water as it leaves the building and transferring it to cold water that acts as a heat transfer
medium; this is cycled into the facets to increase the temperature of the water before
reheating, this solution has been proven to reach energy savings between 30 to 50% in
energy required to heat water for a shower [54].

Whereas local systems provide energy savings, which should not be ignored, dis-
trict systems that recover heat from the sewer system are more relevant to the scope of
the research. The constant flow and availability of wastewater, especially in urban and
metropolitan areas, have led to its being deemed a reliable and renewable energy source.
Heat recovery from sewer systems occurs in one of three ways: (1) sewer-integrated heat
exchangers placed directly into the sewer system, (2) sieved wastewater, where particulates
are removed to the water being passed through the heat exchanger, and (3) collection
shafts, where the sewerage is stored in a collection chamber while energy is recovered,
then returned to the main line [57,58]. The temperature of the sewer content is shallow
in daily fluctuation [59]; however, it yearly fluctuates in a wider range, between 10 ◦C
and 20 ◦C, with the lower being aligned with the warmer seasons and the higher with
colder seasons [60]. This fluctuation aligns with the thermal demand from occupants of
a building. Estimates show that over 500 district-level WWSHPs operate worldwide [53].
The feasibility of the district WWSHP depends on (a) the distance of the district to the
WWSHP, with the shorter being beneficial, and (b) the volatility of the cost of electricity as
a fuel for alternative heating applications [59]. District heating is expected to become more
favourable as the cost of energy is generally expected to increase in the future.

The literature highlights the efficiency of the system with a COP range of 4.0 to 4.6 [53],
when a constant flow rate of 5 L/s of sewerage is provided, a WWSHP can provide heating
to an office building with a heating load of 60 W/m2 [61]; this flow rate is considered
replicable in urban areas. The efficiency of the system in economic terms is providing
heating at €0.12 per kilowatt/hour (kWh) [57].

Issues experienced when implementing the system around the world include regu-
lation modifications that were required to modernise and regularise wastewater laws to
encourage private sector investment in Japan and China [61].
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3. Method

The type of research conducted was qualitative. It began with a background study
that utilised secondary research techniques and concluded with qualitative data collected
through purposive sampling supplemented by snowball sampling.

The first stage of the research was to conduct research focusing on secondary research
methods, such as online research, literature research, reviews, and case studies. Secondary
research is a process that uses data that already exist [62]. Expanding on an in-depth
literature review, the exploratory research was conducted using a systematic process of
investigation. This investigative process analysed existing data to determine a solution’s
suitability to be assessed further by assessing its viability in the New Zealand Market.

3.1. Sampling and Interviews

Data were collected through semi-structured expert interviews. A purposive sam-
pling method was implemented. This selection method was used as the expert opinion
was deemed to be essential to attaining data that would accurately answer the research
questions. As of January 2025, approximately 247 HVAC&R contractors are operating in
New Zealand, with the majority being small, single-owned businesses [63]. A sample of
eleven participants was selected for the study. While the sample size may appear small,
expert interviews are a recognised qualitative method where depth of insight is prioritised
over quantity. According to Gill et al. [64], data saturation in expert interviews is often
achieved with fewer participants when the group is homogenous and highly knowledge-
able. Hennink and Kaiser [65] noted that 9–17 interviews or 4–8 focus group discussions
reached saturation in empirical studies.

The participants were selected based on two different group criteria. Group A partici-
pants were the initial participant set and consisted of professionals who met a minimum
experience threshold. The experience requirement was fifteen years of construction indus-
try experience, of which ten years’ experience is required to be relevant to the HVAC&R
trade. Group B participants were the secondary sample set and were selected based on
recommendations from participants in Group A. Group B participants did not meet the
minimum experience requirements of Group A participants; however, they were deemed
competent by way of a professional association. Participants from both Group A and
Group B were required to have New Zealand industry employment experience. Participant
demographics are described in Table 1. The geodemographic information of participants
is from Auckland, New Zealand (9) and Christchurch, New Zealand (2). All participants
gave their time voluntarily.

Table 1. Participant Title and Group Composition.

Qualification/Position Number of Participants Group A/B

Engineer/Designer 4 3/1
Company Directors 2 2/0

Business Development Manager 1 1/0
Sustainability Manager 1 0/1

Market Manager 1 0/1
Project Manager 1 1/0

Quantity Surveyor 1 1/0

Participants were asked the following peer-reviewed questions to collect data that
would be used to address the research questions:

(1) What is the current state of HVAC&R integrated solutions in New Zealand? Is New
Zealand a leader or a follower on the global stage?
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(2) The following technologies have been identified and are used in other regions of the
world. Based on your experience, please rank from most viable to least viable in
New Zealand. Please elaborate on any strengths or weaknesses of these identified
technologies and any factors that may affect this ranking:

• Geothermal Heat Pump (GHP), Ground Source Heat Pump (GSHP).
• Foundation/Slab Heat Exchanger (FHX), Geothermal Energy Pile (GEP).
• Earth–Air Heat Exchanger (EAHE)/Earth–Air Tunnel Heat Exchangers (EATHE).
• Material and Design (Trombe Wall/Roof Insulation/Materials/Reflective Sur-

faces/Insulation and Phase Change Materials).
• Airtightness, Solar, and Heat Recovery Ventilation retrofits.
• Thermal buoyancy principles (Solar Chimneys, Domed Ceilings with Cupolas, etc.).
• Photovoltaic Thermal (PV/T), Hot Water Heating.
• Wastewater Heat Recovery (WWSHP), Wastewater Heat Exchangers (WWHX).

(3) Are there any key requirements, legislation, technologies, or infrastructure that New
Zealand lacks that would support improving HVAC&R system efficiency?

(4) Please give me your opinion on New Zealand’s readiness to assimilate new technolo-
gies.

When all questions had been answered, the participants were given the opportunity
to raise or discuss any subjects, points of view, or issues that they personally felt were of
concern to the industry that had not been expressly identified or covered, which would
benefit the themes of the research project.

These questions were revised and refined, and ethics approval was granted on 20 June
2024, Ethics Notification Number 4000029195 for the collection of required data.

3.2. Analysis

An inductive thematic analysis was conducted on interview questions 1, 3, and 4, while
an inductive/deductive hybrid thematic analysis was applied to question 2. NVivo was
used as a coding mechanism, and Microsoft Excel was the software used to analyse the data.
Data were manually coded, and themes were identified by the process outlined [66]. In
qualitative research, few guidelines exist to justify an adequate sample size [63]. Common
practice is to justify the sample size when the principle of data saturation has been reached.
This occurs when no new information is obtained from interviews and/or observations.
Saturation was met with a sample size of eleven.

4. Results

The results are detailed as the themes that were developed from the inductive thematic
analysis of the data retrieved from the interview process. A short description detailing
the common ideas that emerged from each theme has been presented below under the
title of each interview question. Where an inductive/deductive hybrid thematic has been
completed on interview question two, the data have been made available in Table 2.

• Interview Question One: What is the Current state of HVAC&R integrated solutions
in New Zealand? Is New Zealand a leader or a follower on the global stage?

� Leader or a Follower?

Most participants agreed that, due to New Zealand’s relatively small population and
market, the New Zealand HVAC&R industry is forced to be a follower on the global stage.
Innovation in HVAC&R predominantly originates from the European market. Regulations
tend to follow Australia’s direction, and materials manufacturing is predominantly sourced
from Asia. The geographical relationship of Australia also influences the New Zealand
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market by affecting the product lines that are made available to the market by the most
prominent manufacturers.

� The state of the HVAC&R industry in New Zealand.

Participants described the current state of the industry as neutral, neither good nor
bad. More than half (6) of participants had a neutral opinion on the situation, with more
than a quarter (4) believing the industry performance was poor, stating development and
products being sourced overseas as reasons for this point of view.

� Government & Industry.

Government policy and regulation have been identified as having a prominent in-
fluence on the position of the industry in New Zealand. Poor education, low skill set,
integration between the trades, regulation, and legislation of the trade limit the market
from establishing practices and hold back the industry from adopting new technologies.
Other factors that influenced the position of the industry were the lack of government
incentives to innovate, geographic location, and market size.

� Motivation.

Most participants agreed that a lack of funding and a lack of incentive to innovate were
the main issues preventing clients from exploring more energy-efficient and alternative
solutions. Most participants noted the temperate environment, which much of the New
Zealand population occupies, with temperatures rarely venturing into extremes, as a
limiting factor to exploring alternative solutions. In addition, some participants mentioned
a cultural change underway presently where houses are unoccupied for long periods of the
day and require different and adaptive solutions.

� Areas in which New Zealand is well-positioned.

A participant believed that the New Zealand market was in a good position. This
is attributed to the understanding that New Zealand is on par with the rest of the world
when it comes to single-split technology. Additionally, New Zealand has an established
and reliable electrical grid, which bodes well for future electrification. Electrification was
identified as the future direction that the world was heading towards.

• Interview Question Two: Of the identified technologies used in other regions of the
world, with regard to your experience, please rank from most viable to least viable in
New Zealand. Please elaborate on any strengths and weaknesses of these identified
technologies and any factors that may affect this ranking.

The participants first identified if they were aware of the technologies and the advan-
tages and disadvantages of each application; they then provided insight into viability in
New Zealand with a yes or no answer before ranking the options from most viable to least
viable (Table 2).
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Table 2. Participants’ rankings of the selected technologies from most viable (1) to least viable (8).

HVAC&R Technology
Participants Ranking

Average
P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 P11

Earth–Air Heat Exchangers (EAHE)/Earth–Air
Tunnel Heat Exchanger (EATHE). 8 6 7 6 8 8 8 2 8 5 3 6.27

Thermal Buoyancy Principles (Solar Chimneys,
Domed Ceiling with Cupo- las, etc.). 3 2 8 5 7 5 4 8 3 7 6 5.27

Geothermal Heat Pump (GHP)/Ground Source
Heat Pump (GSHP). 6 8 5 4 6 4 3 6 6 2 8 5.27

Foundation/Slab Heat Exchangers (FHX),
Geothermal Energy Pile (GEP). 7 5 3 1 3 7 5 7 5 3 7 4.82

Wastewater Heat Recovery (WWSHP)/Wastewater
Heat Exchangers (WWHX). 2 3 4 2 5 2 6 4 7 8 5 4.36

Photovoltaic Thermal (PV/T), Hot Water Heating 5 7 2 8 4 3 2 1 4 6 2 4.00
Material and Design 4 4 6 3 1 6 7 5 1 1 4 3.82
Airtightness, Solar, and Heat Recovery
Ventilation retrofits. 1 1 1 7 2 1 1 3 2 4 1 2.18

After the ranking, the participants were then given the opportunity to describe their
reasons for this ranking. The awareness and viability of each technology are depicted in
Figure 1.

Figure 1. Viability and awareness of technologies by participants.

A summary of the themes derived from their reasons is described below.

� Geothermal Heat Pump (GHP)/Ground Source Heat Pump (GSHP):

It has a higher COP than a normal air-to-air heat pump and is widely scalable, so huge
efficiencies can be found there. The participants stated that the requirement for land, the

13



Energies 2025, 18, 2190

cost of earthworks, the cost of consent, and compliance would limit technology in New
Zealand. The demand for this in New Zealand is unlikely to be high, and this is unlikely to
drive the price down into the realm of the mass market. Temperature differential in New
Zealand was also stated as being too low in the coastal areas, with more temperate climates;
however, there is a possibility that conditions may exist in areas such as the Central Plateau
and in the Southern Alps.

� Foundation/Slab Heat Exchangers (FHX), Geothermal Energy Pile (GEP).

Likely viable in areas south of Wellington, New Zealand. Issues stated included
seismic concerns, high risk, limited available energy, and the cost to implement. This
solution had the lowest awareness rating of all technologies. However, this was not
reflected in the perceived viability when the concept was described.

� Earth–Air Heat Exchangers (EAHE)/Earth–Air Tunnel Heat Exchanger (EATHE).

Whereas aquifer water could potentially be used to recharge the system, the system
would come with some setbacks, including low ΔT, high cost associated with groundwork,
consent, operation, and a high water table.

� Material and Design.

Participants felt that the principles were viable. However, the lack of access to proper
materials is limited or incurs an inflated price. The principles covered would be more
suited to the alpine or colder regions of New Zealand, such as the Central Plateau and the
Southern Alps. Poor insulation in the existing housing stock would require attention prior
to any further thought.

� Airtightness, Solar, and Heat Recovery Ventilation retrofits.

Ranked the most viable in New Zealand by Yes/No, 91%, and by scored ranking. The
strengths mentioned include that it would be effective in reducing humidity in temperate
climates and address the need for better ventilation. Weaknesses to implement included
poor insulation in the existing housing stock, high cost, low efficiency, and the requirement
for specialist design to be an effective proposition for the unique design characteristics of
the existing New Zealand housing market.

� Thermal Buoyancy Principles (Solar Chimneys, Domed Ceiling with Cupolas, etc.)

This could be a good option if the heating of the roof structure could be utilised more.
However, the cost to mass implementation is too large, cultural design principles tend
away from this solution, and a lack of familiarity, education and experience to get the
system to operate as intended drives up the installation costs.

� Photovoltaic Thermal (PV/T) and Hot Water Heating.

Photovoltaic panels have succeeded solar panels in the New Zealand market. Substan-
tial momentum existed in technology through the mid-2010s. However, poor insulation
led to inefficiency, coupled with high maintenance costs, and the payback period became
inflated. Photovoltaic panels are now a more viable option for this application; however,
storage and synchronisation of high-demand peaks and available energy production limit
their feasibility. Thermal integration of panel cooling was not recognised.

� Wastewater Heat Recovery (WWSHP)/Wastewater Heat Exchangers (WWHX).

This technology ranked the second most viable to the interview participants when
asked if it was viable or not viable, with 82% stating viable and placed fourth in the scored
ranking. All participants deemed the technology to be an economically viable option;
however, they stated issues with implementation when considering that the wastewater
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network is governed by local councils, which may include legal concerns regarding public
asset use.

• Interview Question Three: Are there any key requirements, legislation, technologies,
or infrastructure that New Zealand lacks that would support improving HVAC&R
system efficiency?

� Government, Regulation, and Authority

Many participants identified legislation as an area that needs to be improved to
support improving system efficiency. The main concern raised regarding legislation is the
lack of regulation in the HVAC&R trade. Two things that were identified as should be
provided are standard guidelines for installation, which are currently not available to the
market, and more government incentives.

An idea that some participants recommended as implementable in New Zealand was
mandatory Operational Efficiency Labels on buildings. Described as a “Carrot and stick”
approach that would generate incentives for people to invest in improving building energy
performance rather than adopting a prescriptive approach. It was mentioned that this is
common in Organisation for Economic Co-operation and Development (OECD) countries,
Europe, and Australia; however, New Zealand only has voluntary schemes.

� Industry Standard, Education, and Competency.

The participants felt that the professional environment in the HVAC&R industry is
lacking. The reason for this belief is that the industry is unregulated, and with this, there is
no requirement to upskill or continue education beyond the minimal acceptable standards.
Some participants felt that this further results in below-satisfactory levels of installation
and sub-optimised, energy-inefficient installations and solutions.

Availability and accessibility to technology are further issues. Despite its willingness,
the industry in New Zealand does not have access to the latest global technology due
to market size and demand, so it faces the challenge of being unable to train a suitably
experienced workforce to deliver innovative technology to the market successfully. Fur-
thermore, a lack of regulation makes the prospect of introducing new innovations risky to
a manufacturer, so there is hesitancy.

When asked why these issues are present, the reply was that the industry body was
either not big enough or strong enough to implement change. This is the belief that there is
an underlying attitude that encourages the industry to solve its own problems, rather than
adopt processes or solutions that have been successful in similar climates and situations.

� Motivation and Market factors.

The lack of manufacturing or infrastructure places a reliance on products and technol-
ogy being imported into the country. This factor makes innovation unaffordable. Innova-
tion, at the scale of the New Zealand market, is a risky and unprofitable venture, driving a
low incentive to innovate.

� Areas for Improvement.

Areas in the industry mentioned by participants that were in urgent need of improve-
ment are ventilation and dehumidification, air quality in buildings, and the adoption of
more green building trends.

• Interview Question Four: Please give me your opinion on New Zealand’s readiness to
assimilate new technologies.

� Attitude toward innovation.

Despite a quarter of participants (3) stating that the industry was willing to explore
new or innovative solutions, particularly in the high-end market, the consensus was that

15



Energies 2025, 18, 2190

the New Zealand industry was not ready. Financial constraints, government policies, and
lack of access to new technology are all attributed as reasons that the market is not ready.

� Industry Governance.

Training and education were identified as the biggest issues when it comes to trying
new things. There is an agreement that there is a skills gap in the industry, from the
bottom all the way to the top. This shortcoming is not exclusive to trade but includes
the client aspect, as the consumer is neither educated nor aware of the alternative or
how these may affect their building, operational costs, or indoor air quality. Participants
mentioned that there is a gap in knowledge and experience when it comes to writing and
implementing effective legislation, initiatives, and building standards. Some stated that this
is exacerbated by New Zealand’s relatively short government term, resulting in potentially
volatile building policies.

� Motivation and a need to change.

Motivation is predominantly determined by financial flexibility to explore alternative
solutions. In the current market, and for much of the population, there is hesitancy and
a lack of finance to explore alternatives and step away from tried and tested solutions.
Historical data are unavailable to depict return on investment, incentives to innovate, and
the hierarchy of fund allocation to different trades in the building process, which affect the
availability of capital to be directed to explore alternative options.

� Direction of the Market.

A small number of participants believed that the New Zealand industry was in a good
position for the adoption of new innovations and technologies. With the energy grid in
New Zealand being heavily electrified, New Zealand stands well to adopt new technologies
as the global trend heads toward renewable energy electrification.

� Current situation.

There is no agreement that new technologies are the solution; however, there is
agreement that access to technology is limited. Technology is not the only thing that
is limited, from basic building materials and insulation through to materials specific to
industry, such as low Global Warming Potential (GWP) refrigerants. “90% of the required
housing stock in New Zealand is already built”, so there lies a problem that a solution is
required from the approach of improving the quality of air in these buildings rather than
focusing purely on new construction projects.

5. Discussion

This work aimed to explore global alternative energy-efficient HVAC&R solutions for
New Zealand and establish market readiness towards integrating new, innovative, and
sustainable solutions.

The first part of the research identified alternative HVAC&R solutions that reduce
traditional installations’ energy demand and establish their viability in the New Zealand
Market. The second part of the research looked at what underlying factors influenced the
readiness of the market towards integrating new, innovative, and sustainable solutions in
New Zealand. The findings are discussed below.

Viable Solutions

Airtightness, solar, and heat recovery ventilation retrofits were the most viable solu-
tions, according to the participants interviewed. It is interesting to note that the strengths
of the system, being that it reduces indoor humidity in temperate climates and provides
better standards of ventilation to buildings, are in line with some of the identified areas that
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some participants stated as being urgent areas for improvement. It is essential to realise
that despite this solution being noted as the most viable, the weaknesses identified by
participants and in the literature are in line with some of the issues the industry currently
faces in New Zealand [67]. These are expensive to design and implement, and poorly
insulated homes with complex designs remain challenges that will affect the solution’s
viability in the market. Regardless of this, the system was still identified as the most viable,
both in terms of ranking and by a yes or no answer.

Materials and Design, as a category, did not rank highly on viability when asked if
it was a viable strategy or not. However, it was the second most feasible option scored.
The category included a wide variety of material and design principles, of which some
of the participants had negative viewpoints or were questioned on whether they were
implementable, namely, phase change materials, stating access to materials, cost of the
product, and unavailable performance data [68]. Trombe walls were mentioned as ex-
pensive propositions due to the costs associated with the design and the lack of skilled
professionals to implement this type of system successfully. These themes align with
other themes identified in other interview questions, as discussed later. Other principles,
such as using better material, reflective surfaces, insulation, and roofing materials, were
highly praised, with one participant noting that the solutions “align with the Zero-Energy
Building (ZEB) methodology, which should be integrated more into the New Zealand
construction industry”. This mismatch of opinions in the category may explain the high
viability ranking, although further research should be pursued regarding specific methods
and technologies.

Photovoltaic, thermal, and hot water heating, despite participants being vocal about
the failures of solar thermal technology in New Zealand, remains a viable option through
photovoltaic technology as a substitute. Access to material remains a limiting factor, as with
most new technologies in New Zealand, which increases the cost and limits accessibility to
a large percentage of the population. Peak electrical generation in summer, energy storage
requirements, and low sun hours during winter were all disadvantages identified that
aligned with the literature. Although the application of hot water heating was deemed
viable, further integration with panel cooling, heat diversion, and subsequent indoor
heating is an unfamiliar application for most participants; however, it would likely not
negate the identified disadvantages.

Wastewater Heat Recovery (WWSHP) and Wastewater Heat Exchangers (WWHX)
were the second most viable options by yes or no opinion; however, they scored fourth
when ranked against others. The participants identified issues regarding legislation and
implementation of these systems as potential issues in New Zealand; this is in line with
limitations identified in the literature. Despite not all being aware of the technology, most
participants express positivity towards this solution, yet not one ranked it first.

Geothermal applications were deemed among the least viable of the technologies
identified for this research. Although one of the cleanest and most stable alternative
energy sources was identified, the results show that the participants do not favour the
technology. Cost of groundwork, access to land, council consent, and seismic concerns
were all identified as deterring factors towards geothermal in general. Where the cost of
groundwork was identified in the literature as being a disadvantage, other issues mentioned
were not and could be specific to the New Zealand context. Participants were aware of the
technology; however, most associated geothermal with hydrothermal principles associated
with the New Zealand Taupō Volcanic Zone, or Kawerau region.

Foundation/Slab Heat Exchanger (FHX) and Geothermal Energy Piles (GEP). Despite
having the lowest awareness of all technologies, its viability by ranking and yes or no was
neutral, seismic concerns were raised, and statements about favouring locations south of
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Wellington were made. These statements do not align with the limitations identified in the
literature, so further research into these concerns will be required.

Geothermal Heat Pumps (GHP) or Ground Source Heat Pumps (GSHP) have certain
general shortcomings. It has been suggested that the temperature differences typical of
temperate climates may not be ideal for these systems, and that they are better suited for
colder regions such as the Southern Alps and Central Plateau. While this perspective is not
widely documented in the literature, other shortcomings are noted. Themes that emerged
from subsequent interviews included limited experience and skills in implementation,
high costs of the technology, and a lack of coordinated efforts among different trades
during installation.

The participants stated that thermal buoyancy principles are widely used in many
applications in New Zealand, particularly warehouse structures. Although there are
examples of this theory in non-warehouse installations, the temperate climate with lower
sunlight hours and high humidity levels is not conducive to an effective solution. This
finding reflects the specific geographic locations of the literature; further research into
the application of the principle in temperate climates in non-warehouse buildings should
be conducted.

Where thermal buoyancy principles were related to design, such as domed ceilings
with cupolas and solar chimneys, participants stated that pre-existing biases towards estab-
lished design principles tended to dictate the direction of structural design and construction
techniques in that regard. This was not considered or reflected in the literature; in addition,
unfamiliar practices lack skilled individuals and so incur higher installation costs.

The Earth–Air Heat Exchanger (EAHE)/Earth–Air Tube Heat Exchanger (EATHE)
was the least viable option, both by opinion and ranking, for the reasons associated with
geothermal as a category and issues identified with temperate climate conditions, particu-
larly humidity, groundwater, and bacterial spores developing in the system. Solutions to
overcome these issues were not identified in the literature, and further investigation would
be required to validate these statements.

Despite the literature showing that all of the selected technologies are capable of
reducing the energy loading required by traditional HVAC&R systems, their viability was
very specific to New Zealand’s climate, industry, legislation, and culture. There is an
implication when assessing how to implement an alternative solution to consider these
factors in the feasibility and subsequent payback period assessment.

� Assessing the New Zealand HVAC&R market’s readiness towards improving effi-
ciency and innovation.

Some prominent themes emerged when trying to establish market readiness toward
integrating new, innovative, and sustainable solutions in New Zealand. The govern-
ment’s influence, education, finance, access to technology, and underlying cultural themes
were recurring.

The first thing to consider is New Zealand’s unique geographic situation. The country
is relatively isolated from most of the world, with its nearest trading partner being Aus-
tralia. The country has a small population, and despite being a developed country, the
HVAC&R industry is small, and so is the market. Due to these factors, manufacturing is
almost non-existent, the capital available in the market, and the demand for research and
development of product lines to meet the country’s environmental and market conditions
is not a scalable endeavour and would not likely be able to compete with global technology
and manufacturing.

Because of this, the HVAC&R industry in New Zealand is almost forced to purchase
and import materials and technologies from overseas. A secondary effect of this is that

18



Energies 2025, 18, 2190

the industry is forced to follow the direction of Australia for product lines and Europe for
legislation and technology direction.

New Zealand has a temperate climate, no dry season, and a warm summer climate
(Cbf). This climate does not experience extreme temperatures or significant variations across
the year; however, due to the maritime influence, high humidity does have a considerable
impact on the nation’s requirements.

Education in industry has a large impact on the ability to implement new or innovative
technologies into the market. Some of the reasons behind the lack of industry skill set
can be attributed to the restricted availability or access to new technology. Because of the
difficulty faced by the industry in acquiring technology and materials, there is not enough
demand to push education and skill development forward to a point where there is an
adequately skilled workforce to complete installations to an appropriate level.

There are no industry-enforced standards or regulations for working in the HVAC&R
trade in New Zealand. Unlike other trades, electricians, plumbers, gas fitters, etc., where
there is a requirement to be licensed and registered, the HVAC&R industry does not require
a recognised qualification. There is a very limited professional environment in the HVAC&R
trade, and with this, there is no requirement to upskill or continue education beyond the
minimum acceptable level. This promotes the minimum standards to be practised. This
results in the New Zealand market being a higher-risk environment for manufacturers
to operate in, further leading to possible hesitancy in introducing new products into the
market. Where industry participants repeatedly stated that the industry should require
better professional standards, further suggestions were made for using standard guidelines
for installation.

Lack of education is not limited to industry professionals. The opinion of some
participants is that clients, building owners, building operators, landlords, and people
associated with selecting the mechanical services to be installed or designed for a structure
are typically not aware of the performance or efficiencies available by alternate solutions.
Furthermore, the cost of consent associated with alternative and innovative solutions deters
the appetite to innovate. The participants recommended (1) more government incentives
for projects aimed at improving energy efficiency and (2) building operational efficiency
labels to promote public awareness and generate investment in energy efficiency.

While there seems to be an attitude and willingness toward innovation and energy
efficiency in New Zealand, the results show that the market’s priority needs regarding
efficient HVAC&R systems do not reflect this. Where motivation can be spurred by the
methods suggested above, a significant proportion of participants agreed that there were
some areas of concern in the New Zealand industry, particularly around industry standards
for dehumidification and ventilation. Where this would require further investigation, it is
beyond the purpose of the research.

The implications of these findings are that the industry has some challenges that will
need to be addressed if improvements to energy efficiency are to be prioritised; these
challenges include overcoming poor education, lack of regulation, lack of initiatives, and
lack of access to new technologies.

6. Conclusions

New Zealand’s temperate climate was a common feature when discussing the viability
of all technologies/solutions. With a large percentage of the population occupying coastal
and temperate climates, humidity, relatively shallow differences in high and low tempera-
tures, and low ΔT negate the requirement for integrated solutions in most circumstances.
Due to geographical isolation and small market size, access to technology is somewhat lim-
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ited, coupled with low demand, which results in installation costs being high. Legislation,
consent, and a lack of skilled workforce further led to increased risk and projected costs.

The New Zealand market is not in a good position to adopt new or alternative solutions.
There is a willingness toward innovation; however, the ability to explore new technologies
is reserved for organisations or individuals with financial means. Lack of manufacturing,
relative market size, and industry organisation have resulted in high installation costs,
supply issues, and a position of followers on the global stage. Key issues that put the
industry in this position are a lack of industry regulation, professional qualifications, and
inadequate standards.

Recommended and most viable technologies or strategies by industry opinion to
improve the energy efficiency of HVAC&R systems were as follows:

• Airtightness and Heat Recovery Ventilation Retrofits.
• Material and Design (Roof Insulation/Materials/Reflective Surfaces/Insulation).
• Photovoltaic Thermal (PV/T) and hot water heating.
• Wastewater Source Heat Pump (WWSHP) and Heat Exchangers (WWHX).

Where other innovative technologies exist (not considered in this research), recom-
mendations should be made to assess the specific characteristics of the solution to New
Zealand’s climate, industry, legislation, and culture and to consider the industry’s ability
to deliver successful installation. Further recommendations can be made to evaluate the
efficiencies provided by the selected technologies of this research, where examples exist
within New Zealand, if available.

Before the implementation of any incentives, further study should be conducted into
the success of other countries’ government initiative programs and their effectiveness in
improving the energy efficiency of HVAC&R systems.

Further areas of study would include an investigation into effective industry regulation
and policy, along with the level of qualifications to improve the quality of installations
before any recommendations could be made in this regard.

Also, studies on other countries would provide a comparative analysis of barriers
to the implementation of innovative solutions and the development of specific strategies
to overcome the identified barriers. The authors note that a considerable proportion of
participants were based in Auckland, New Zealand, and Christchurch, New Zealand. It
was mentioned that the different climatic conditions of the Southern Alps and Central
Plateau regions of New Zealand may be more suited to some technologies identified in this
research. Involving participants with expertise in these regions would have provided a
deeper insight into the situation. Throughout the research process, information became
available about some technologies that had recently been implemented in some construction
projects around New Zealand; although data was requested, it was either non-existent or
not available at the time of publication. This data would have been beneficial to the project.
Further limitations would be the input of the customer or client regarding attitudes toward
innovation, energy efficiency, and motivations.
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Abstract

The growing demand for sustainable construction materials has prompted intensive re-
search into the potential reuse of waste from the fuel and energy sector as effective thermal
insulation materials. This study examines the feasibility of utilizing ash–slag mixtures,
fly ash, and aluminosilicates as insulation materials for technical buildings. These ma-
terials were selected due to their availability and potential to improve energy efficiency
in construction. Practical tests were carried out to determine the thermal conductivity
coefficients of various samples, which were produced using different cement mixtures
as binders to ensure adequate structural strength. The results demonstrated that the use
of industrial waste-derived materials not only provides satisfactory thermal insulation
properties but also contributes to environmental sustainability by reducing the challenges
associated with the disposal of industrial by-products. The study highlights the crucial
role of cement as a binder, enhancing the mechanical strength and durability of the insula-
tion samples. The integration of ash–slag mixtures, fly ash, and aluminosilicates into the
construction sector may foster the adoption of more environmentally friendly building
practices, thereby supporting a circular economy and mitigating the environmental impact
of construction activities. The study showed that the lowest thermal conductivity coefficient
(0.24 W/m·K) was achieved for mixtures containing fly ash and cement, while the highest
value (0.30 W/m·K) was recorded in samples incorporating aluminosilicates. The obtained
results confirm the effectiveness of fly ash as a cost-efficient additive that improves the
thermal insulation properties of the material.

Keywords: sustainable technologies in buildings; thermal insulation materials; fuel and
energy sector waste; circular economy; energy efficiency in buildings; construction process
management; zero energy buildings; building energy

1. Introduction

As Ukraine strives to enhance its energy independence, there is growing interest in the
implementation of materials that not only provide adequate thermal insulation properties
but also support the country’s broader sustainable development goals [1]. The use of waste
from the fuel and energy sector, such as ash–slag mixtures, fly ash, and aluminosilicates
as insulation materials in construction, represents a strategic approach to achieving these
objectives. These materials offer dual benefits, contributing to the development of a circular

Energies 2025, 18, 2339 https://doi.org/10.3390/en18092339
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economy while addressing the urgent need for cost-effective and environmentally friendly
insulation solutions [2].

The integration of these materials into the construction sector supports both short-
term and long-term goals by reducing dependence on conventional insulation materials
and limiting the environmental impact associated with the operation of new and existing
buildings [2,3].

Thermal insulation materials play a key role in reducing energy consumption in
buildings by limiting heat transfer between interior and exterior environments. They help
maintain comfortable indoor temperatures, lower energy costs, and enhance the overall
energy efficiency of buildings [4]. In particular, the use of waste from the fuel and energy
sector, such as ash–slag mixtures, fly ash, and aluminosilicates, is emerging as an innovative
insulation approach [4,5].

The choice of thermal insulation materials often depends on the type of building
and its specific requirements. In residential buildings, the priority is comfort and cost-
effectiveness, while commercial buildings focus on reducing operating costs and meeting
energy certification standards [1,6]. Industrial and technical facilities, such as factories,
laboratories, and utility buildings, require materials that combine high thermal performance
with the durability necessary to withstand harsh operating conditions [7].

In residential construction, traditional insulation materials such as glass wool, mineral
wool, and foam boards are commonly used. However, recycled materials such as fly ash
and ash–slag mixtures demonstrate promising thermal insulation properties, making them
a viable alternative [6].

Traditional materials, such as mineral wool, glass wool, or synthetic foams, are char-
acterized by very good insulation properties, but they are produced from primary raw
materials and often require energy-intensive manufacturing processes. In contrast, newly
developed composites containing fly ash, ash–slag mixtures, and aluminosilicates achieve
thermal conductivity within an acceptable range for technical insulation and represent a
significant step toward sustainable construction.

The comparison of these two groups of materials not only helps to understand the
current capabilities of available insulators but also highlights the contribution of this study
to the development of knowledge, particularly regarding the use of industrial mineral waste
as functional, inexpensive, and durable insulation components. The adopted methodology
allows for a practical comparison of the insulation properties of new mixtures and their
potential in the design of materials dedicated to technical facilities.

In terms of technical parameters, traditional insulation materials such as mineral
wool and polystyrene are characterized by very low thermal conductivity values, typically
ranging from 0.030 to 0.040 W/m·K. For comparison, the materials described in this
study achieved values ranging from 0.24 to 0.30 W/m·K, which, although indicating
lower insulation effectiveness than wool and polystyrene, are comparable to the thermal
conductivity of ceramic hollow blocks or perforated bricks. This makes them suitable for
application in the insulation of technical and industrial facilities. Nevertheless, their use
offers significant ecological and economic benefits, including the reduction in industrial
waste, lowering CO2 emissions, and support for a circular economy. Therefore, these
materials can represent a valuable solution in the context of insulating technical buildings,
where mechanical strength and structural durability are also of key importance. Such
parameters are considered promising, especially given that the tested materials were
derived from industrial waste, are characterized by low production costs, and have a
positive environmental impact. The thermal conductivity coefficient λ of different insulating
and structural materials is summarized in Table 1.
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Table 1. Comparison of the thermal conductivity coefficient λ of various insulating and structural
materials.

Material The Thermal Conductivity Coefficient λ, W/m·K Reference

Sample: Cement + Fly Ash 0.240 [8]
Sample: Cement + Ash–Slag Mixture 0.249 [8]
Sample: Cement + Aluminosilicate 0.299 [8]
Structural Concrete (Reinforced Concrete) ≈1.7 [9]
Cement (Dry) 0.7–1.1 [10]
Mineral Wool 0.035–0.045 [11]
Polystyrene Foam (EPS/XPS) 0.030–0.040 [11,12]

In commercial buildings, thermal insulation plays a crucial role in reducing operational
costs and meeting stringent energy efficiency standards. When fly ash and aluminosilicates
are combined with cement as a binder, durable insulation materials with high thermal
resistance and strength are produced. These composites can be applied to walls, floors,
and roofs, enhancing the thermal envelope of commercial buildings [6,13]. By improving
the thermal resistance of building partitions, these materials help maintain stable indoor
temperatures and reduce long-term energy consumption. Moreover, their use supports
sustainability efforts by reusing industrial waste that would otherwise require disposal.

Technical buildings such as data centers, control rooms, or research laboratories gener-
ate significant amounts of heat due to the presence of high-energy equipment. For these
types of facilities, insulation materials must demonstrate exceptional thermal resistance
and long-term durability. Ash–slag mixtures and aluminosilicates, combined with high-
strength cement, provide insulation that meets these requirements while also offering fire
resistance and sound absorption properties [7,14].

Cement is commonly used as a binder to enhance the structural integrity of insulation
materials. The inclusion of cement in mixtures containing fly ash, ash–slag mixtures,
or aluminosilicates imparts adequate compressive strength and resistance to mechanical
loads to the resulting composites [15]. This is especially important in technical buildings,
where insulation panels are exposed to more demanding operational and environmental
conditions.

Modifying the stability characteristics of materials through thermochemical degrada-
tion is a particularly relevant approach in the context of sustainable construction [16]. This
process involves the use of surface or underground generators to gasify coal or biomass, re-
sulting in valuable by-products that can be reused [16,17]. During gasification, an artificial
shell forms around the material, enhancing its structural integrity. By selectively melting
a portion of the surface to a controlled depth, a protective layer is formed that serves as
a barrier against environmental factors [18]. This layer prevents degradation caused by
moisture, temperature fluctuations, and other external influences. As a result, the stability
and durability of thermal insulation materials are significantly improved, allowing them to
perform effectively over extended periods [16,19]. This innovative approach enhances both
the performance and lifespan of insulation systems used in modern construction.

The use of waste from the fuel and energy sector as insulation materials not only
reduces the amount of waste sent to landfills but also lowers the carbon footprint of
the construction industry [19,20]. Fly ash and slag, for example, are by-products of coal
combustion that can effectively replace virgin raw materials in insulation applications. This
practice supports the principles of a circular economy and contributes to the achievement
of sustainable development goals across various sectors [21]. Thermal conductivity is a
key parameter in evaluating the effectiveness of insulation materials. Studies have shown
that ash–slag and aluminosilicate mixtures exhibit low thermal conductivity, making them
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suitable for retaining heat during winter months and protecting interiors from overheating
in the summer [22]. This reduces the demand for heating and cooling, ultimately lowering
energy costs for building owners.

The use of fuel and energy sector waste as insulation materials is gaining importance
not only in the context of technical buildings but also in residential, commercial, and
industrial construction. As research progresses, the development of advanced insulation
materials based on recycled content is likely to become a cornerstone of sustainable building
practices. With the growing demand for environmentally friendly solutions, these materials
offer an opportunity to improve energy efficiency while addressing large-scale waste
management challenges.

The innovation of this study lies in the direct comparison of the thermal insulation
properties of various materials derived from fuel and energy sector waste, conducted under
standardized experimental conditions. Particular attention was given to the phase structure,
particle morphology, and specific surface area of the analyzed materials. Additionally,
the study combines the evaluation of thermal efficiency with a practical approach to the
production technologies of materials intended for technical buildings. This integrated ap-
proach offers a new perspective on optimizing the use of waste in construction, supporting
both energy efficiency and the implementation of circular economy principles.

2. Reference Background of the Thermal Insulation Materials for
Buildings

Thermal insulation materials are essential components in construction, playing a key
role in energy conservation and ensuring indoor comfort. Their function is to reduce the
rate of heat transfer between the interior of a building and its external environment [23].
Insulation materials can be organic, such as wool or cellulose, or inorganic, such as fiberglass
or mineral wool, and each type is characterized by different properties. The selection of an
appropriate insulation material depends on factors such as the type of building, the climate,
and the desired level of energy efficiency. The use of thermal insulation in construction
dates back centuries, with early forms such as straw and clay being used in primitive
structures. Modern insulation materials began to appear during the Industrial Revolution,
with mineral wool and fiberglass introduced in the early twentieth century [1,23,24]. Since
then, these materials have been refined to improve their insulating performance, fire
resistance, and ease of installation, making them widely used in today’s construction
industry.

The most commonly used thermal insulation materials in modern construction include
fiberglass, mineral wool, expanded polystyrene (EPS), extruded polystyrene (XPS), and
polyurethane foam. Each of these materials has unique characteristics that influence
its effectiveness in reducing heat loss. They differ in aspects such as R-value, which
measures thermal resistance, as well as in moisture resistance, durability, and ease of
application [23,25]. Fiberglass and mineral wool are especially valued for their affordability,
non-combustibility, and excellent fire resistance properties, making them a safe choice for
various building types. On the other hand, foam-based insulations such as EPS and XPS
are highly appreciated for their versatility, low weight, and high R-values, which make
them extremely effective thermal insulators [23,26]. Together, these materials offer a wide
range of options for construction projects aiming to improve energy efficiency and meet
specific insulation requirements [23,27].

In recent years, there has been a growing interest in sustainable insulation materi-
als derived from natural and recycled sources. These include materials such as hemp,
sheep’s wool, and cellulose (recycled paper) [23,28]. Additionally, advancements in aerogel
insulation, vacuum insulation panels (VIPs), and phase-change materials (PCMs) have
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improved thermal efficiency and expanded the range of environments in which insulation
can be effectively applied. Such innovations contribute to the overall reduction in energy
consumption in buildings and support the achievement of global sustainability goals.

The use of waste from the fuel and energy sector, such as fly ash, ash–slag mixtures,
and aluminosilicates, as thermal insulation materials has gained significance due to the dual
benefits of waste reduction and improved energy efficiency [29]. These materials are by-
products of coal combustion and other industrial processes, they are readily available and
possess favorable insulating properties [30]. After appropriate processing and combination
with binders such as cement, they can form stable and durable insulation materials suitable
for construction applications [31].

The ash–slag mixture is a material composed of ash and slag formed during coal
combustion in power plants or boilers. It can be used in construction, especially in the
production of cement or concrete, due to its binding properties. Fly ash is a material
consisting of fine ash particles carried by flue gases during coal combustion. It is often
collected using electrostatic precipitators and is also used in construction, particularly as
an additive in cement and concrete mixtures. Aluminosilicate is a mineral composed of
aluminum, silicon, and oxygen. It is commonly found in the ash remaining after coal
combustion, especially in the case of lignite. Aluminosilicates are used in the production of
various materials such as fiberglass, ceramics, and other construction products.

These materials are by-products not only from the extraction and processing of coal
but also from the development of ore deposits and the thermochemical processing of
biomass [19,32]. During biomass processing, coal is often added to increase the calorific
value of the fuel, resulting in higher energy output. This process generates valuable by-
products, including ash–slag mixtures and other mineral residues, which can be repurposed
in various industrial applications [26,33]. These by-products possess beneficial properties
that make them suitable for use in thermal insulation materials [34]. Their production
aligns with sustainable practices by repurposing industrial waste, thereby reducing the
environmental impact of mining activities and fuel production [33,35]. As a result, these
materials contribute to more sustainable energy solutions while offering practical benefits
for building insulation and other applications.

Traditional insulation materials, especially those produced from petrochemical sources,
can have a significant environmental impact due to the extensive resource extraction and
energy-intensive manufacturing processes involved. These materials often rely on non-
renewable resources, resulting in a high carbon footprint and contributing to overall envi-
ronmental degradation [33,36]. In contrast, using waste-derived materials for insulation
supports a circular economy by repurposing by-products from industrial processes, such as
ash and slag, which would otherwise be disposed of in landfills [1,37]. By replacing virgin
resources with reclaimed materials, the construction industry can significantly reduce both
the volume of landfill waste and the demand for newly extracted raw materials [26,38].
This shift not only minimizes the carbon footprint associated with building insulation but
also promotes more sustainable and responsible resource management practices across
the sector.

The effectiveness of thermal insulation materials is largely determined by their thermal
conductivity and R-value. Studies have shown that materials such as fly ash and alumi-
nosilicate can exhibit low thermal conductivity, making them effective insulators [26,39].
These materials can also improve the energy efficiency of buildings by retaining heat dur-
ing colder months and helping to maintain lower indoor temperatures during warmer
periods. This leads to reduced energy consumption for heating and cooling, ultimately
lowering operational costs. As the demand for eco-friendly construction practices increases,
the development of thermal insulation materials based on waste from the fuel and en-
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ergy sector is expected to continue [40]. These materials show great promise due to their
cost-effectiveness, availability, and contribution to environmental sustainability. Further
research and development are expected to improve the thermal properties and application
methods of waste-derived insulation materials, enabling their broader adoption in both
residential and commercial construction projects worldwide.

The use of waste from the fuel and energy sector, such as slag, fly ash, and alumi-
nosilicate, as thermal insulation materials for technical buildings has attracted significant
attention in recent years due to its environmental and economic benefits. With the growing
global demand for sustainable construction solutions, repurposing industrial by-products
offers a practical way to reduce landfill disposal and minimize the carbon footprint of the
construction industry. These materials, often abundant and low-cost, provide favorable
insulation properties by reducing thermal conductivity, which contributes to improved
energy efficiency in buildings. By replacing traditional insulation materials that rely heav-
ily on non-renewable resources, waste-derived insulations support a circular economy
and contribute to sustainability goals across various sectors. This is a real scientific and
practical challenge that the author addresses while also attempting to assess the economic
effectiveness of the materials discussed. Table 2 presents a comparison of the key properties
of various binder types used in the production of thermal insulation materials.

Table 2. Comparison of the properties of various types of binders used in thermal insulation materials.

Binder Type Setting Speed Water Resistance Cost
Environmental

Friendliness
Compatibility

with Ashes

Cement Medium High Medium Medium High
Gypsum Fast Low Low High High
Lime Slow Medium Low High High
Magnesium-Based Fast Medium Medium Medium Medium
Alkaline (Geopolymer) Medium/Fast High Higher High High
Aluminosilicate Fast Medium High Medium High

Among the best-performing insulation materials currently used in the construction in-
dustry are polyisocyanurate (PIR) panels, polyurethane (PUR) foams, extruded polystyrene
(XPS) boards, and vacuum insulation panels (VIPs). Their thermal conductivity ranges from
approximately 0.020 to 0.035 W/m·K, making them highly effective in reducing heat loss.

At the same time, these materials have numerous limitations: they are produced from
petrochemical raw materials, have low resistance to high temperatures, are difficult to
recycle, and generate a high carbon footprint. In comparison, the materials examined in
this study, obtained from fuel and energy sector waste, show thermal conductivity values
in the range of 0.24–0.30 W/m·K which, although lower in absolute performance, may be
sufficient for many technical applications.

Due to their good structural stability, mechanical strength, and resistance to thermal
degradation, these materials may serve as a viable alternative to commercial insulators,
particularly in the context of sustainable construction. In this regard, the present study
complements the existing body of knowledge with a group of solutions that combine
technical efficiency with environmental and economic benefits.

3. Materials and Methods

This chapter presents a detailed characterization of the materials used in the study,
as well as a description of the applied analytical methods. The purpose of the analyses
was to assess the suitability of selected inorganic substances for use in composites with
thermal insulation properties. In this context, the chemical composition, physical properties,
and phase structure of four different materials were compared: Portland cement CEM I
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42.5R, fly ash, an ash–slag mixture, and synthetic aluminosilicate. The selection of these
materials was based on their wide availability, diversity in physicochemical properties, and
application potential in lightweight, low-emission insulating composites.

Four groups of samples with different compositions were prepared for testing:

• Group 1: contains cement (50 g) and fly ash (200 g);
• Group 2: contains cement (50 g) and ash–slag mixture (200 g);
• Group 3: contains cement (50 g), ash–slag mixture (100 g), and fly ash (100 g);
• Group 4: contains cement (50 g) and synthetic aluminosilicate (200 g).

For each sample, the following parameters were determined: sample weight, thickness,
side length, volume, density, and thermal conductivity coefficient λ. The measurement
results are presented in Table 3.

Table 3. Chemical composition and physical properties of cement and additives.

Oxides CEM I 42.5R Fly Ash Ash–Slag Aluminosilicate

Chemical composition

SiO2 19.8 52 39.4 52.1
Al2O3 5.1 23 7.6 41.1
Fe2O3 2.6 13 1.3 4.3
CaO 64.1 6 42.1 0.07
MgO 1.6 2.5 6.1 0.2
SO3 3.0 1.0 1.4 -

Na2O + K2O 0.8 2.9 1.1 0.9

Physical properties

Density, g/cm3 3.11 2.35 2.90 2.60
Grain size, μm 10–50 1–100 <50 1–163

Specific surface area, m2/kg 385 250–600 350–500 12,000–15,000
Shape irregular spherical irregular irregular

In this study, all samples of fly ash, ash–slag mixture, and synthetic aluminosilicate
were sourced from a single controlled industrial facility, which allowed for uniform analysis
conditions. However, it should be emphasized that the chemical and phase composition of
industrial waste may vary significantly depending on the source, combustion technology,
and the type of primary raw material used. Therefore, in the subsequent stages of the
research, the authors plan to include samples from different locations in order to assess
the impact of this variability on the thermal insulation and mechanical properties of the
composite materials.

The applied research methods enabled a comprehensive evaluation not only of the
elemental and phase composition of the investigated materials but also of their physical
properties, including density, specific surface area, and particle morphology. Particular
emphasis was placed on the presence of amorphous phases and microspheres in the ash
structure, as these features are critical to the thermal conductivity and porosity of the
resulting composites [41].

A comparative analysis of the chemical composition, physical characteristics, and
phase structure of the four studied materials—Portland cement CEM I 42.5R, fly ash,
ash–slag mixture, and synthetic aluminosilicate—provides valuable insights into their
potential for use in thermal insulation composites. The chemical composition reveals
notable differences in the content of major oxides, which directly influence the materials’
performance under service conditions.

Fly ash and synthetic aluminosilicate exhibit the highest SiO2 content, measured
at 52.0% and 52.1%, respectively. This high silica content favors the development of a
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distinctive microstructure and contributes to the formation of porous zones with low
thermal conductivity. The elevated Al2O3 content observed in aluminosilicate (41.1%) and
fly ash (23.0%) further enhances their pozzolanic reactivity.

In contrast, Portland cement CEM I 42.5R is characterized by a high CaO content
(64.1%), which imparts strong hydraulic properties but limits its effectiveness as a stan-
dalone component in thermal insulation systems. The ash–slag mixture, with a chemical
composition of 42.1% CaO and 39.4% SiO2, represents an intermediate formulation that
may serve effectively as a supplementary component.

From a physical perspective, synthetic aluminosilicate is particularly notable for its ex-
ceptionally high specific surface area (12,000–15,000 m2/kg), which supports the formation
of porous structures with superior insulating performance. Fly ash also demonstrates a
relatively large surface area (250–600 m2/kg), and its low density (2.35 g/cm3), coupled
with the spherical morphology of its particles, has a favorable impact on the rheological
behavior of the mixtures. In contrast, Portland cement, with its higher density (3.11 g/cm3)
and lower specific surface area (385 m2/kg), primarily serves as a structural binder, while
simultaneously reducing the thermal insulation capacity of the composite material.

An important aspect of the analysis concerns the phase composition, particularly
in the case of silica-rich fly ash of conventional origin. This material consists of three
primary phases: crystalline, glassy, and amorphous. The crystalline phase includes a broad
spectrum of minerals such as quartz (in both α and β forms), mullite (3Al2O3·2SiO2),
hematite, magnetite, calcite, dolomite, anhydrite, free CaO, normal spinel (MgAl2O4), iron
spinel (FeAl2O4), dicalcium ferrites, corundum, rutile or anatase (TiO2), ettringite, opal, and
others. These minerals originate from unburned coal residues, crystallization products of
the molten phase, and high-temperature physicochemical transformations. Their presence
can influence the chemical stability, rheological behavior, and thermal conductivity of the
material.

The most relevant phase in terms of thermal insulation performance is the glassy
phase, which can constitute between 50 percent and up to 90 percent of the total mass in
conventional fly ash. This phase is amorphous in nature, with a chemical composition simi-
lar to basalt, primarily consisting of SiO4 and AlO4 tetrahedra. It also contains modifying
oxides such as CaO, MgO, Na2O, and K2O. Two principal types of glass are distinguished:
Type I, characterized by low density, a high SiO2/Al2O3 ratio, and a low content of modi-
fying oxides; and Type II, characterized by higher density, a low SiO2/Al2O3 ratio, and a
high content of modifying oxides. Type I glass generally forms larger spherical particles,
whereas Type II is usually found as smaller, hollow microspheres.

The presence of microspheres in fly ash is one of the key features that enhances its
value as a component in thermal insulation materials. Owing to their hollow structure
and spherical geometry, microspheres significantly reduce the bulk density of the material
and improve its workability. Furthermore, the incorporation of microspheres increases
porosity and lowers thermal conductivity, which is highly desirable in the development of
lightweight composites with insulating properties.

The amorphous phase, present only in trace amounts in the analyzed conventional
silica-based fly ash, is mainly composed of dehydrated residues of clay minerals and small
quantities of amorphous carbon (soot). Although its content is minimal, it may influence
the binding mechanisms and the evolution of the microstructure in mixtures containing fly
ash with elevated surface reactivity.

Synthetic aluminosilicate, due to its exceptionally high specific surface area, elevated
content of reactive phases, and low density, represents the most effective component for
thermal insulation applications. Fly ash, with its considerable glassy phase content and
presence of microspheres, serves well as a supporting component—both structurally and
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functionally. Ash–slag mixtures may be used as complementary ingredients in composite
systems designed to balance strength and insulation capacity. In contrast, Portland cement
CEM I 42.5R, due to its high CaO content and substantial density, should be limited in
insulation formulations and utilized primarily as a structural and binding agent rather
than an active insulating material [42].

This study adopts a practical experimental approach combined with an analytical
methodology to evaluate the thermal conductivity of materials using the thermal conduc-
tivity coefficient λ. Through direct measurements, the thermal properties of each material
were determined, allowing for a precise assessment of their applicability in insulation
systems. The use of the λ coefficient facilitates a detailed understanding of each material’s
contribution to energy efficiency in technical buildings through heat transfer reduction.
The thermal conductivity coefficient λ is calculated as follows [43]:

λ =
H·q

TH − Tx

where

λ—coefficient of the effective thermal conductivity, W/m·K;
H—thickness of the measured sample, mm;
q—density of the steady-state heat flux passing through the measured sample, W/m2;
TH—temperature of the hot surface of the measured sample, K;
Tx—temperature of the cold surface of the measured sample, K.

To evaluate the effectiveness of utilizing waste from the fuel and energy sector as
thermal insulation materials for technical buildings, five samples of varying compositions
were prepared for each type of material under investigation. The test specimens were
fabricated in standardized dimensions of 100 mm by 100 mm, with varying heights. These
samples were produced by combining the selected materials with Portland cement as a
binder, following the principles of kinetic and static similarity to ensure uniformity in
composition and structural integrity [43].

The samples were compacted and processed in accordance with standardized proce-
dures governing the initial and final setting times of cement-based binders. This careful
preparation ensured consistency across all specimens and provided a reliable foundation
for subsequent testing. The curing period lasted 28 days, during which the cement matrix
was allowed to harden and stabilize—an essential condition for obtaining accurate and
reproducible measurements [41,43]. Throughout the curing phase, the samples were closely
monitored to confirm the proper setting and uniform internal structure. This approach
ensured that the thermal insulation properties of the materials could be assessed under
consistent and standardized conditions.

Thermal conductivity measurements were performed using the IPT-MG4 “100” ap-
paratus, adhering to precise methodological protocols to guarantee the reliability and
repeatability of the results. The instrument was calibrated according to industry standards,
which enabled accurate readings for all samples. This methodology facilitated a thorough
evaluation of each material’s ability to minimize heat transfer—one of the key indicators of
its effectiveness as a thermal insulator. By accurately measuring the thermal conductivity
coefficient, the potential application of the tested materials for insulation purposes in
technical buildings was effectively assessed. The results offer valuable insight into their
performance and highlight their relevance for enhancing energy efficiency in a variety of
construction contexts. Photographic documentation of the experimental process, including
sample preparation and testing apparatus, is presented in Figure 1.
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Figure 1. Photographic documentation of the research process: (a) ash–slag and fly ash used as the
raw material; (b) mold for casting samples and prepared samples; (c) IPT-MG4 “100” device for
measuring thermal conductivity, featuring an electronic control unit and a heating element.

To determine the statistical significance of the observed differences in thermal con-
ductivity (λ) values among the tested mixtures, a one-way analysis of variance (ANOVA)
was performed at a significance level of α = 0.05. Subsequently, a Tukey post-hoc test was
conducted to assess differences between group pairs. The results of the analysis indicated
that the variations in the composition of the mixtures had a statistically significant effect on
the thermal insulation properties of the tested materials.

The device operates based on the principle of establishing a steady-state heat flow
through a flat sample of defined thickness, directed perpendicularly to its face surfaces.
This process involves a series of precise measurements, including the sample’s thickness,
heat flux density, and the temperatures of the opposite surfaces. By achieving a steady-state
thermal condition, the device can accurately evaluate the heat transfer through the material.
This data is critical for determining the material’s thermal conductivity, which is essential
for assessing its insulation performance. Overall, this method provides valuable insights
into the material’s behavior under conditions representative of real-world applications.

The measurement system is configured in accordance with an asymmetrical scheme,
as specified by the Ukrainian standard DSTU 7076 (DSTU B V.2.7-105-2000) [44]. The
stationary system of the device consists of a heating control unit and a cooling unit based
on Peltier elements, a heat flux meter, platinum resistance temperature sensors, a signal
conversion unit for sensor outputs, and a power supply. The Peltier elements are cooled
using an integrated fan system.

The side panels of the setup include a power switch, grounding terminal, fuse, and
sockets for connecting both the electronic control unit and the main power supply cable,
as well as an eccentric locking mechanism. The electronic unit is powered via a dedicated
connection from the setup. At the top of the assembly, a pressure screw equipped with a
measurement device is used to determine sample thickness, along with a dynamometric
mechanism with a ratchet for applying uniform clamping force to the sample.

The key variables examined in this study included the density, thickness, and compo-
sition of the fabricated samples. These parameters were systematically adjusted to analyze
their impact on the material’s overall thermal behavior. The final focus of the study was
the thermal conductivity coefficient (λ), which is fundamental for evaluating the material’s
effectiveness as thermal insulation. This coefficient enables an accurate assessment of the
material’s insulating capability across various application surfaces.

4. Results and Discussions

The research involved the preparation of samples (Figure 1b, right) using a disas-
semblable steel mold featuring two rectangular parallelepiped cavities, each with internal
dimensions of 100 mm (Figure 1b, left). In the initial phase, the samples were allowed to
reach an early setting state that permitted their removal from the mold without structural
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damage. This phase typically lasted between 2 and 3 days. The second phase consisted of
a 28-day curing period, during which the samples developed stable mechanical strength.
Once the required strength was achieved, the samples were subjected to a drying process,
which continued until mass stabilization was confirmed—defined as a change of less than
0.1% after two consecutive drying intervals of 0.5 h each.

To ensure accurate thermal conductivity measurements, the upper surface of each
sample was polished to meet stringent specifications: both contact faces, intended to
interface with the device’s measurement plates, were required to be flat and parallel, with
deviations in parallelism not exceeding ±0.5 mm. This meticulous surface preparation was
essential for ensuring consistent and complete contact with the measurement apparatus,
thereby minimizing potential sources of error.

Sample thickness was measured at four distinct points: each located approximately
50 ± 5 mm from a corner vertex and at the center of each edge. These measurements were
performed using a high-precision caliper with an accuracy of ±0.1 mm. Such detailed
dimensional control was critical to ensuring that the measured thermal conductivity values
accurately reflected the true properties of the material. By maintaining consistent sample
geometry, the study ensured reliable and reproducible results across all measurements. The
precision of these preparatory steps had a direct impact on the reliability of the calculated
thermal conductivity values, confirming that careful sample preparation was a fundamental
component of the experimental methodology.

Following this preparation process, four groups of five samples each were produced
with the following compositions:

Cement (50 g) + Ash–slag (200 g);
Cement (50 g) + Fly ash (200 g);
Cement (50 g) + Ash–slag (100 g) + Fly ash (100 g);
Cement (50 g) + Aluminosilicate (200 g).
Before commencing the main tests, the functionality of the measurement device was

verified using a control sample made of organic glass, which was provided as part of
the instrument’s standard calibration kit (Figure 1c). This step ensured the accuracy and
reliability of the device, confirming that it was operating within the specified parameters.

For the thermal conductivity measurements, the prepared samples were carefully
placed on the cooling plate, and the heating plate was then positioned on top using a
micrometer screw integrated with a dynamometric unit. This setup enabled precise control
of the applied force, maintaining a uniform pressure of 2.5 kPa across each sample to ensure
consistent contact between the sample and the measurement surfaces. Additionally, the
thickness of each sample was measured at multiple points using the micrometer screw
gauge, which provided highly accurate readings with a precision of up to 0.05 mm. These
precise thickness measurements were critical for the subsequent calculation of thermal
conductivity values.

Prior to initiating the direct measurements, essential data were entered into the elec-
tronic control unit, including the actual sample thickness, the target temperature for the
cooling plate (Tx), and the set temperature for the heating plate (TH). These input values
were selected based on the sample’s physical characteristics and the operational guide-
lines provided in the device’s user manual. The settings for Tx and TH were determined
according to recommended values that vary depending on the sample’s thickness and the
estimated range of its thermal conductivity coefficient. This ensured that the device would
operate under optimal conditions, thereby enhancing the accuracy and reliability of the
measurements.

Once the measurement process began, the device’s software precisely controlled both
the heating and cooling units to achieve and maintain the specified surface temperatures—
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TH (hot side) and Tx (cold side)—with a high degree of accuracy (±0.2 ◦C). Maintaining
these temperature conditions was essential for establishing a thermal steady state conducive
to precise measurement. The system continuously monitored the heat flow through the
sample and automatically adjusted the operation to maintain equilibrium. Upon reaching a
stable heat flux, the device automatically calculated the thermal conductivity coefficient (λ)
and thermal resistance (R). These values were recorded in the device’s data archive, with
the entire measurement process governed by integrated software to ensure consistency and
data integrity. An audible signal indicated the successful completion of each measurement,
confirming that the sample’s thermal properties had been accurately determined.

The results of the study are presented in Table 4, providing a comprehensive overview
of the measured values. The table includes thermal conductivity coefficients along with
other relevant parameters for each tested sample, enabling a detailed comparison of the
materials and highlighting their respective thermal performance characteristics.

Table 4. The results of the study of thermal conductivity of samples of insulating materials depending
on the change in geometric dimensions and physical properties. xi is the current value obtained from
each individual sample; x is the average value for similar samples of a certain identical composition.

#

Sample Composition Measured Sample Parameters

Cement
(Grade 500),

g

Ash–Slag
Mixture,

g

Fly Ash,
g

Alumo-
Silicate,

g

Weight,
g

Thickness,
mm

Side
Length,

mm

Volume,
m3

Density,
kg/m3

Thermal
Conductivity
Coefficient
λ, W/m K

xi x xi x x x xi x 

2 50 200 0 0

201

204

13.9

14 100 0.00014 1457

0.25

0.249
198 13.6 0.238
210 14.4 0.257
204 14 0.257
207 14.1 0.243

1 50 0 200 0

187

184

15.9

15.7 100 0.000157 1172

0.228

0.24
181 15.5 0.235
184 15.7 0.24
178 15.2 0.247
190 16.2 0.25

3 50 100 100

207

201

14.2

14.1 100 0.000141 1426

0.254

0.268
195 14.4 0.26
198 13.8 0.268
204 14.5 0.276
201 13.6 0.282

4 50 0 0 200

223

227

15.9

16.2 100 0.000162 1401

0.283

0.299
220 15.8 0.29
231 16.4 0.299
234 16.5 0.308
227 16.4 0.315

The visualization of the research findings on the variation in the thermal conductivity
coefficient as a function of insulation mixture composition is presented in Figure 2. The
graphical data illustrate how different proportions of components within the insulation
mixtures influence thermal conductivity values. Analysis of the graphs reveals discernible
trends in the increase or decrease in thermal conductivity depending on the content of
cement, ash–slag, fly ash, and aluminosilicates in each sample. Notably, samples with a
higher content of aluminosilicate exhibited lower thermal conductivity coefficients, con-
firming its effectiveness as a component in insulation materials. Furthermore, the inclusion
of fly ash was observed to reduce thermal conductivity, thereby enhancing the insulating
properties, particularly when used in combination with cement. The results presented in
Figure 2 demonstrate that optimizing the composition of the insulation mixture can lead to
significant improvements in thermal performance, which is essential for the development
of efficient insulation materials for technical applications.
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Figure 2. Dependence of thermal conductivity and sample density on the weight composition of
components. All samples contain a constant amount of Portland cement (50 g) and a variable share of
one of the following additives: fly ash, fly ash–slag mixture, or aluminosilicate. Thermal conductivity
is represented by a dashed line, while density is indicated by a dotted line.

Visualizing the data through a chart provides a clear representation of the interdepen-
dence between sample composition, density, and thermal conductivity. The chart illustrates
that the samples composed of fly ash and cement (Group 1) exhibit the lowest thermal
conductivity, recorded at 0.24 W/m·K. Slightly higher thermal conductivity is observed
in the samples made from ash–slag and cement (Group 3), with a value of 0.249 W/m·K.
Interestingly, and somewhat counterintuitively, samples composed of equal parts fly ash,
ash–slag, and cement exhibit an 8% higher thermal conductivity compared to the lowest
values recorded in Groups 1 and 3. The highest thermal conductivity is observed in the
samples made of cement and aluminosilicate (Group 4), reaching 0.299 W/m·K (Figure 3).

When analyzing density in relation to composition, the samples with a mixed filler
(Group 2) demonstrate density values that fall between those of the single-component
samples in Groups 1 and 3. This trend is consistent with the behavior of composite materials,
whose properties typically reflect a balance between the characteristics of their individual
constituents. Notably, a decrease in density observed in Group 4 samples, compared to
the densities of Groups 2 and 3, is accompanied by a counterintuitive increase in thermal
conductivity.

This phenomenon may be attributed to the influence of microstructural factors that
extend beyond the material’s bulk density. Thermal conductivity is affected by various
factors, including the distribution and connectivity of pores, the presence of microspheres,
the degree of cement hydration, and the quality of contact between components within the
binding matrix. In some cases, materials with lower density may develop a more open
and irregular porous structure, which can result in increased thermal conductivity. Thus,
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the overall insulating efficiency of a composite depends not only on its density but, more
importantly, on the quality and architecture of its internal structure.

Figure 3. Comparison of the average thermal conductivity coefficient (λ) for different mixture
compositions.

This unexpected outcome suggests that factors beyond density alone—such as mi-
crostructural configuration and specific interactions between components—may signif-
icantly influence the thermal properties of the tested samples. The improvement in the
thermal insulation properties of the investigated materials results from the synergistic
action of several physicochemical mechanisms. A key role is played by the presence of
microspheres in fly ash, which, due to their hollow and spherical structure, reduce the
bulk density of the composite and limit heat transfer. Additionally, glassy phases rich in
silica and alumina contribute to the development of a porous and irregular microstructure,
acting as a barrier to heat conduction. Moreover, the high specific surface area of alumi-
nosilicates promotes an intense pozzolanic reaction with calcium ions released from cement
hydration, leading to the formation of additional hydration products and the filling of
microvoids. This process reduces the development of heat transport channels and improves
the compactness of the structure. Collectively, these mechanisms define the overall thermal
insulation efficiency of the composite.

Ash–slag, although the second-best performing material in terms of thermal conduc-
tivity, presents certain limitations due to its significantly higher density—over 22% greater
than that of fly ash. This higher density may contribute to additional structural load, which
can be a limiting factor in applications where lightweight materials are essential. Nonethe-
less, its comparable thermal performance makes ash–slag a viable alternative when weight
constraints are not critical.

The results obtained in the present study are consistent with those reported by [43],
who observed thermal conductivity values ranging from 0.26 to 0.31 W/m·K in panels
composed of fly ash and lime. Similar values (0.22–0.28 W/m·K) were reported by Zhao
et al. [43,45] for fly ash–perlite composites. In comparison, the best-performing samples in
our study (fly ash + cement) achieved a thermal conductivity of 0.24 W/m·K, confirming
the effectiveness of the proposed formulation.

37



Energies 2025, 18, 2339

Similarly, the findings of Kioupis et al. [46] for geopolymer mixtures with perlite
indicate comparable thermal insulation properties, while emphasizing the critical influence
of both micro- and macropore structures on thermal conductivity. The comparison of
results underscores that industrial waste materials—particularly fly ash—can serve as a
practical and effective alternative to commercial insulation products, offering both high
performance and significant environmental advantages [46,47].

In future studies, the authors plan to expand their research by investigating the thermal
conductivity of samples incorporating various additional materials, such as clay, sand, lime,
lignin, and others. This exploration will provide a broader understanding of how these
components influence the insulating properties of the resulting mixtures. Furthermore,
experiments will be conducted using different mass fractions of these additives, allowing
for a detailed assessment of how varying component ratios affect both thermal conductivity
and overall material performance. The objective of these investigations is to identify
optimal formulations for improved insulation efficiency, tailoring material compositions to
meet specific application requirements.

In the context of long-term material durability, it is essential to consider potential risks
associated with the use of waste-derived components such as fly ash, ash–slag mixtures,
and aluminosilicates. The literature suggests that some of these additives may, over time,
contribute to structural degradation through mechanisms such as ion leaching, microcrack-
ing, or uneven hydration processes. Although the present study did not include an analysis
of aging effects, this issue will be addressed in subsequent research phases, particularly
with regard to the performance of the material under technical operating conditions.

5. Conclusions

Based on the conducted research, it has been confirmed that the composition of the
mixtures plays a crucial role in determining their thermal insulation properties. The
lowest thermal conductivity (0.240 W/m·K) was recorded for samples containing fly ash
and cement (Group 1), while the highest value (0.299 W/m·K) was observed in mixtures
composed of cement and aluminosilicate (Group 4). This represents a nearly 20% difference,
highlighting the significant influence of material composition on thermal performance.

In comparison, conventional concrete has a typical thermal conductivity of approxi-
mately 1.7 W/m·K, meaning that the Group 1 mixture provides a reduction in heat transfer
of over 85%. This directly translates into significant energy savings and lower operational
costs for buildings, particularly in terms of heating and cooling in technical or industrial
applications.

The lowest recorded thermal conductivity coefficient was 0.24 W/m·K (fly ash with
cement), while the highest was 0.30 W/m·K (aluminosilicate with cement). This demon-
strates the significant influence of the type of industrial waste used and its proportion in
the composite on the thermal insulation properties.

Structurally, fly ash exhibits low density and a porous structure, which enhances
its thermal insulation properties. Although ash–slag-based mixtures demonstrated sim-
ilar thermal conductivity to fly ash, their density was over 22% higher, which may be a
limitation in applications where weight reduction is essential. Interestingly, some mixed
compositions (Group 3) showed unexpectedly higher thermal conductivity values, suggest-
ing that not all component combinations lead to beneficial synergistic effects.

Moreover, the results showed no clear correlation between density and thermal
conductivity—in some cases, samples with lower density displayed higher thermal conduc-
tivity. This indicates that the interactions between components, rather than their individual
properties, may have a dominant influence on overall thermal performance.
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From an economic perspective, incorporating industrial by-products such as fly ash
and ash–slag significantly reduces the cost of raw materials and contributes to a lower
embodied energy in the material. The use of lightweight, insulating mixtures can reduce
energy demand during building operations, leading to long-term financial savings. Addi-
tionally, such solutions support circular economy goals and reduce CO2 emissions, making
them not only cost-effective but also environmentally sustainable.

Given the above, fly ash emerges as the most promising component for the production
of lightweight and thermally efficient insulating materials in construction. Future studies
will focus on optimizing material formulations by introducing additional components such
as clay, lime, sand, and lignin. These efforts aim to further enhance thermal performance
and economic viability for a wide range of technical building applications.

In future research, the incorporation of lightweight additives of both natural and
industrial origin is also planned, including expanded perlite, cellulose fibers, lignin-based
biofillers, and amorphous silica. These materials exhibit very low thermal conductivity and
have a beneficial effect on the porous microstructure of composites, without compromising
their structural integrity. The use of perlite in combination with fly ash has been shown
to achieve thermal conductivity values below 0.20 W/m·K. Such solutions could enable
further optimization of the thermal insulation properties of the studied mixtures without
the need for petrochemical-based additives.
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Abstract

This study presents a simulation-based analysis of a steel modular building that integrates
technologies that support the energy transition in the built environment. The focus is placed
on the implementation of building-integrated photovoltaics (BIPVs), with photovoltaic
modules incorporated into the façade and balcony railings. Several modern photovoltaic
façade systems were examined. In addition, the study considers the application of photo-
voltaic glazing enhanced with active quantum coatings. Seven distinct BIPV modules were
analysed, each characterised by unique features, with particular emphasis on the influence
of colour in tinted variants. A performance degradation analysis was conducted for railing-
mounted modules with varying glass tints. The simulation results were correlated with the
building’s electricity demand.

Keywords: modular building; BIPV; nearly zero-energy building (nZEB); simulation;
photovoltaic analysis

1. Introduction

In the face of the progress of climate change and the increase in energy demand,
there is a growing need to implement solutions that improve the energy efficiency of
buildings and contribute to climate neutrality [1–3]. Numerous researchers have employed
numerical simulations to identify challenges and verify theoretical assumptions in practical
contexts [4–8]. As part of the “Fit for 55” package, the European Union has committed to
reducing CO2 emissions by 55% by 2030 [9]. This policy accelerates the transformation
of the construction sector towards energy-efficient and low-emission technologies, such
as building-integrated photovoltaic (BIPV) and prefabricated systems. The application
of photovoltaic technologies in residential construction is becoming a key component of
sustainable development strategies. Proper integration of PV systems can significantly
enhance the energy performance of buildings [10].

At the same time, modular construction technologies are developing dynamically,
offering shorter investment timelines, improved quality control, and a reduced environ-
mental impact of the construction process [11–13]. The use of prefabricated modules—
particularly in steel structures—is justified by their repeatability, efficiency, and compatibil-
ity with modern building systems [14–16]. Moreover, prefabricated construction systems
can significantly improve the efficiency and sustainability of building projects due to
precise manufacturing and assembly processes [17]. Modular construction has evolved
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over decades in response to the demand for faster project delivery and improved quality
assurance [18].

In Poland, the initial implementations of such solutions date back to the second half of
the 20th century, primarily in the context of lightweight steel construction. Currently, there
is a noticeable increase in interest in prefabrication, not only in residential buildings but
also in temporary and commercial facilities [19]. Prefabrication encompasses various levels
of organisation of the construction process, ranging from the production of individual
components to preliminary assemblies and fully integrated building modules [20,21].
This approach reduces on-site work, increases the repeatability and quality of work, and
shortens construction timelines [21,22]. It is being adopted in many countries and sectors,
confirming its versatility and development potential [22].

The integration of modular construction with BIPV systems represents an innovative
direction in the design and construction of energy-efficient buildings [23], especially in
the context of multifamily and collective housing developments [24,25]. However, such
solutions require detailed analysis in terms of technical, functional, and energy-related
aspects. Key considerations include the appropriate selection of photovoltaic systems,
their placement and orientation with respect to cardinal directions, shading conditions, cell
efficiency, integration with the building envelope, and the overall impact on the energy
balance [18,26–30]. This article focuses on the analysis of modern BIPV solutions and their
integration with modular building structures, highlighting approaches that may represent
an innovative direction in the design and construction of energy-efficient buildings in
the future.

2. Integrated Photovoltaic Systems

One of the key directions in the development of contemporary construction is the
integration of renewable energy sources directly into the building structure, as exemplified
by building-integrated photovoltaics (BIPVs) [31].

BIPV systems enable the replacement of conventional building materials with compo-
nents that generate electricity, while simultaneously fulfilling both functional and aesthetic
functions [6,16,31–33]. As a result, they are gaining increasing popularity in modern resi-
dential and commercial building projects, particularly in the context of nearly-zero-energy
building (nZEB) standards [33]. Despite numerous advantages, BIPV systems are associ-
ated with significant technical and economic limitations. The lack of effective ventilation
leads to overheating of the modules and a reduction in efficiency. The complexity of wiring,
resulting from the customised nature of each installation, increases costs and complicates
maintenance. Additionally, the high initial cost [29], related to non-standard components
and demanding installation procedures, poses a barrier to implementation. Over the
long term, aesthetic degradation of the modules may also become an issue, negatively
affecting the building’s façade appearance and overall architectural perception. As noted
in the literature, architects and designers rarely consider access to wiring or mounting
elements during the conceptual design stage, which hampers future maintenance and
replacement of damaged modules [31]. Moreover, BIPV systems, as external building en-
velopes, require regular cleaning—the frequency of which depends on climatic conditions
and location—since maintaining a clean surface improves performance and slows down
the rate of degradation [31].

2.1. Photovoltaic Ventilated Façade

A ventilated photovoltaic façade can be implemented in both newly constructed
buildings and the thermal retrofitting of existing structures. The technical parameters
of such systems are presented in Table 1. These modules can be integrated with various
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types of curtain wall systems. Ventilated façades consist of an insulation layer and an
external cladding, separated by a ventilation gap. One of the main advantages of this
system is the improvement of the thermal performance, which consequently reduces the
risk of condensation of water vapour. Thus, a single component serves the dual function of
providing weather protection and generating electricity for the building [24].

Table 1. Technical parameters of the ventilated photovoltaic façade [34].

Property Value

Unit power Up to 200 Wp/m2

PV cells efficiency Up to 25%

Maximum module size 3600 × 2020 mm

Structure colour RAL palette

Module thickness 3 to 22 mm

2.2. Photovoltaic Curtain Wall Façade

The façade of the photovoltaic curtain wall is a skeletal structure composed of hori-
zontal and vertical profiles. It enables the creation of an aesthetically pleasing façade for
various types and allows for the complete or partial fulfilment of the building’s energy
demand of the building. These systems provide excellent thermal insulation, effectively
protecting the interior from heat loss during winter and from overheating in summer.
The technical parameters of the system are presented in Table 2. Due to the curtain wall
façade, energy losses are reduced, resulting in lower heating and cooling demands and
measurable energy savings. The system is characterised by low weight, good thermal
insulation, and transparency. It is particularly recommended for large-area buildings but
can also be applied in smaller structures, such as single-family houses [35].

Table 2. Technical parameters of the photovoltaic post-and-beam façade [34].

Property Value

Unit power Up to 200 Wp/m2

PV cells efficiency Up to 25%

Substructure material acc. to system supplier

Maximum module size acc. to system supplier

2.3. Photovoltaic Façade Louvers

Photovoltaic façade louvers are systems designed not only to protect the interior from
excessive solar radiation and overheating but also to reduce carbon dioxide emissions,
often associated with the operation of systems such as air conditioning.

Two main variants of photovoltaic louver systems can be distinguished: fixed and
movable. They typically take the form of slats integrated with PV modules. The technical
parameters of these systems are presented in Table 3. Photovoltaic cells are embedded
in the glass surfaces of louvers, which are mounted on aluminium structures and can be
installed either on curtain wall façades or directly on the building envelope.

Movable louver systems allow one to adjust the tilt angle of the PV modules in
response to the direction of solar radiation. A key advantage of this system is its ability to
maximise solar energy utilisation. The tilt angle can be adjusted manually or automatically
through control systems. Sensors provide data on wind, precipitation, and solar irradiance.
In particular, louvers can respond autonomously to prevailing weather conditions—for
example, by automatically removing snow [35–37].
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Table 3. Technical parameters of the photovoltaic sunshades [34].

Property Value

Unit power Up to 170 Wp/m2

PV cells efficiency Up to 25%

Support post width 50 mm

Max. Support post spacing 3000 mm

Lamella height 380 mm

Lamella thickness 1.5 to 20 mm

Lamella tilt adjustment 10 deg. Pitch

2.4. Photovoltaic Balustrades

Photovoltaic balustrades represent an innovative architectural solution that combines
user safety with energy generation functionality. These transparent barriers, designed to
prevent falls from height, comply with the requirements of TRAV (Technische Regeln für
absturzsichernde Verglasungen) due to the use of symmetrically constructed tempered and
laminated safety glass (ESG + VSG).

To ensure safety, glass–glass technology is employed, which involves the lamination
of two glass panes. Balustrade elements can be mounted using various systems, including
wedge, pressure, or point fixings, allowing flexible adaptation to specific design and
technological requirements.

The electricity generated by the balustrades can be used locally to power lighting,
equipment, or charging systems, or it can be directed to energy storage systems, thus
increasing the building’s energy autonomy of the building [35].

The technical parameters of this solution are presented in Table 4.

Table 4. Technical parameters of the photovoltaic balustrades [34].

Property Value

Unit power do 200 Wp/m2

PV cells efficiency do 22.5%

Maximum module size acc. to system supplier

Structure colour RAL palette

2.5. Glazing with an Active Quantum Dot Coating

An additional contemporary solution involves the use of glazing with an active
quantum dot coating. Although it appears to be conventional, this type of glass performs
all standard functions—such as providing thermal, wind, and precipitation protection,
noise reduction, and natural daylighting—while also generating electricity from solar
radiation.

A key advantage of this technology is that, visually, it is indistinguishable from
traditional window glazing thanks to the application of the quantum dot layer. This coating
functions as a spectral filter: it transmits visible light while converting harmful infrared
and ultraviolet radiation into electrical energy.

The glass has a high thermal insulation coefficient and excellent light transmittance.
The technical parameters of this solution are presented in Table 5.

An additional benefit includes the reduction in interior overheating and the mitigation
of the urban heat island effect. This solution serves as a supplementary source of renewable
solar energy [35,36].
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Table 5. Technical parameters of the glass with an active quantum coating [34].

Property Value

Maximum module size 1.2 × 2.2 m

Efficiency From 30 W/m2

Thermal insulation Ug value From 0.4 W/m2K

3. Materials and Methods

3.1. Subject of Research

The analysis covered a modular steel building by Climatic, located in Kobyłka, Poland
(Figure 1). The external walls of the modules are constructed using cement-bonded parti-
cleboards with a minimum thickness of 16 mm or 24 mm. The internal partitions consist
of Fermacell boards and are insulated with mineral wool. The thermal transmittance for
partitions is as follows:

• U ≤ 0.17 W/(m2·K) walls.
• U ≤ 0.12 W/(m2·K) roof.
• U ≤ 0.23 W/(m2·K) floor.

Figure 1. Modular building structure in the analysed case; the arrow indicates the location of the
wall-mounted panels [38].

The materials used in the modular construction exhibit high resistance to moisture, as
confirmed by the following parameters:

The swelling after 24 h, according to EN 317 [39], does not exceed 1.5%.

• Durability under cyclic moisture tests, i.e., reduction in tensile strength after testing
according to EN 319 and EN 321 [40,41], does not exceed 0.3 N/mm2.

• The swelling after cyclic testing, according to EN 317 and EN 321 [39,41], does not
exceed 1.5%.

In modular buildings, high-performance heating, cooling, and ventilation systems
have been installed. In addition, alternative primary energy sources are utilised, comple-
mented by energy-efficient LED lighting.

An analysis of the building was conducted using a ventilated photovoltaic façade
installation (Figure 2), which proves to be highly suitable for implementation on an existing
building.
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Figure 2. Diagram of ventilated photovoltaic façade installation [34].

An analysis was performed for the building, which was based on a comparison of
annual energy yield, type and power of modules, surface area, and location of the system.
Exposure to the cardinal directions, the impact of solutions on aesthetics, and the possibility
of balancing energy in the building were also taken into account.

3.2. Assumptions Used in the Analysis

To evaluate the energy performance of the building-integrated photovoltaic (BIPV)
system—taking into account the geometry, orientation, and local environmental conditions
of the building—a three-stage computational approach was adopted, consisting of the
following:

(1) Solar exposure analysis in an Autodesk RevitA 3D model of the building was utilised
to perform solar exposure analysis, taking into account geometry and surround-
ing shading. This allowed identification of the most favourable surfaces for BIPV
integration.

(2) Analytical calculations: The energy yield was estimated using a formula incorporating
solar irradiation, PV module rated power, system losses, and Standard Test Condi-
tions (STCs). This enabled a comparative assessment of different panel arrangement
scenarios and their energy potential.

Eactual =
insolation ∗ correction f actor ∗ power ∗ efficiency ratio

radiant intensity(STC)
(1)

(3) PVGIS System: The Photovoltaic Geographical Information System (PVGIS) was used
to simulate the annual energy output based on real climatic data and system-specific
parameters. The output served to validate the analytical calculations.

The combined model integrates geometric, climatic, and spatial analysis [31], allowing
for a reliable comparison of the energy performance associated with various BIPV imple-
mentation strategies. This methodology is applicable both in the design phase [25] and in
the evaluation of retrofit projects that involve existing buildings [42].

In the analysis, the boundary conditions were assumed to be uniform for each variant:

• System losses were assumed at the level of 15%;
• Mounting position was considered as building-integrated photovoltaics (BIPVs);
• Tilt angle of 90◦;
• Solar irradiance under which the modules were tested: 1000 W/m2.

Other boundary conditions depended on the orientation of the PV modules in relation
to the cardinal directions. These included the following.
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• Solar irradiation on a horizontal surface—obtained from solar irradiation maps: Photo-
voltaic Geographical Information System (PVGIS). Its value depends on the orientation
of PV modules relative to the cardinal directions. The values adopted for the calcula-
tions were as follows:

� Modules facing E 85◦—658 kWh/m2.
� Modules facing NE 65◦—533 kWh/m2.
� Modules facing SE 155◦—944 kWh/m2.

• Correction factor—obtained from the correction factor table; its value depends on the
tilt and azimuth of the PV modules.

• Azimuth of the PV modules.

System losses were accounted for at a level of 15%. These losses primarily result from
cable losses, inverter losses, temperature-related losses, losses due to operation under low
solar irradiance, shading and soiling losses, current mismatch between modules, and losses
on bypass diodes.

In the analysis, a surplus of photovoltaic system production in the range of
10–20% relative to annual energy consumption was assumed. This approach is commonly
applied in design practice, as it allows for flexibility in case of future increases in en-
ergy demand, e.g., through the installation of a heat pump, an electric vehicle, or other
high-consumption devices, without the need to expand the PV system itself. Moreover, it
provides a buffer in the event of unforeseen system losses.

The 10–20% range represents a compromise between investment cost-effectiveness
and minimising the risk of energy surpluses. Oversizing above 20% without energy storage
may lead to significant feed-in of excess energy to the grid, extending the payback period
and reducing the economic efficiency of the system.

In situations where PV system production exceeds the assumed threshold, the imple-
mentation of energy storage or the increase in self-consumption through the integration of
additional loads may enable the economic utilisation of surplus energy without reducing
the system’s capacity.

An energy audit was conducted to determine the electricity consumption of a four-
story steel-frame modular building designed for collective residential occupancy, with a
capacity of up to 150 people. The total calculated annual energy consumption per unit area
was 3.93 kWh/m2·year. Based on the total floor area, the overall annual electricity demand
was calculated as follows:

3.93
kWh

m2 ∗ year
∗ 1405.52 m2 = 5523.69

kWh
year

• Energy Yield Calculation for the Considered Variants

• Variant 1—PV modules with a rated power of 400 W.
• Variant 1A—PV modules with a rated power of 400 W + PV railings with a rated

power of 200 W.
• Variant 2—Red PV modules with a rated power of 240 W.
• Variant 2A—Red PV modules with a rated power of 240 W + PV railings with a

rated power of 200 W.
• Variant 2B—Red PV modules with a rated power of 240 W + PV railings with a

rated power of 160 W.
• Variant 3—Grey PV modules with a rated power of 290 W.
• Variant 3A—Grey PV modules with a rated power of 290 W + PV railings with a

rated power of 200 W.
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• Variant 3B—Grey PV modules with a rated power of 290 W + PV railings with a
rated power of 160 W.

• Variant 3C—Grey PV modules with a rated power of 290 W + PV railings with a
rated power of 140 W.

• Variant 4—Green PV modules with a rated power of 290 W.
• Variant 4A—Green PV modules with a rated power of 290 W + PV railings with

a rated power of 200 W.
• Variant 4B—Green PV modules with a rated power of 290 W + PV railings with a

rated power of 260 W.
• Variant 5—PV modules with a rated power of 470 W.
• Variant 6—PV modules with a rated power of 480 W.

Table 6 presents the mechanical parameters of each type of PV module type, along
with the calculated energy yields for the south-facing orientation, identified as having the
highest solar potential. On the basis of the simulation results, the minimum total required
module power was determined, enabling the calculation of the maximum feasible number
of photovoltaic modules. It can be concluded that installing modules on the south-facing
façade ensures compliance with the minimum energy yield requirement despite variations
in module quantity. Within the set analysed, modules rated at 480 W are the least numerous,
whereas green modules represent the majority. The variety of module types allows flexible
configurations for integrating PV elements on both walls and balustrades, allowing for
diverse installation arrangements.

Table 6. Table of mechanical parameters and energy yields for different PV modules. Own elaboration.

Variant Name
Power
[W]

Power
[kW]

Area
[m2]

Module
Colour

Module
Efficiency

[%]

Max Number
of Modules

[pcs]

Total
Power
[kW]

Energy
Yield
[kWh]

Minimum
Energy Yield

Condition

a) Module
400 W 400 0.4 2.012 Black 19.7 22 8.80 5714.7 fulfilled

b) Module
410 W 410 0.41 2.007 Black 20.4 21 8.61 5591.3 fulfilled

c) Module
470 W 470 0.47 2.245 Black 20.93 19 8.93 5799.1 fulfilled

d) Module
480 W 480 0.48 2.245 Black 20.93 18 8.64 5610.8 fulfilled

e) Red
module 240 0.24 2.011 Red 11.9 36 8.64 5610.8 fulfilled

f) Gray
module 290 0.29 2.011 Gray 14.4 30 8.70 5649.8 fulfilled

g) Green
module 200 0.2 1.711 Green 11.7 43 8.60 5584.8 fulfilled

h)
Glass–
glass

module
297 0.3 1.821 Black 16.3 29 8.61 5593.3 fulfilled

Table 7 summarises the key technical parameters of photovoltaic blinds, enabling an
assessment of their energy potential and installation possibilities. These parameters serve
as an important reference point when selecting the appropriate configuration of a BIPV
system integrated with the building façade.

Analysing the energy yield revealed that, owing to the flexibility in the dimensions of
individual louvers and adjustable power ratings, a wide range of configurations is possible,
enabling versatile adaptation of module power. Consequently, it can be assumed that the
energy yield requirements are satisfied.

The subsequent solution examined was photovoltaic glass featuring an active quantum
dot coating, with its technical specifications detailed in Table 8.
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Table 7. Table of mechanical parameters of the photovoltaic sunshades [34].

Property Value

Unit power Up to 170 Wp/m2

PV cells efficiency Up to 25%

Support post width 50 mm

Max. Support post spacing 3000 mm

Table 8. Technical parameters of the glass with an active quantum coating [34].

Property Value

Maximum module size 1.2 × 2.2 m

Efficiency From 30 W/m2

Thermal insulation Ug value From 0.4 W/m2K

In the case of glass with an active quantum dot coating, because of the relatively low
power output of these solutions, it was determined that they are better suited as an auxiliary
source of solar energy rather than as a primary one. Taking into account the minimum
required power for the PV modules, the necessary glazing area was calculated to allow the
generation of free energy exclusively through this solution. The required area is 283.7 m2,
which is quite large but feasible. Such solutions could prove effective on glazed façades
of high-rise buildings, such as office towers. In residential buildings, however, the total
glazed area within the external envelope is usually too limited to allow for the installation
of the required surface area of glass with an active quantum dot coating. However, for this
type of façade, the previously discussed installation of photovoltaic modules represents a
more efficient solution.

4. Research Results

4.1. Insolation

To enable analysis aimed at maximising solar energy capture, numerical simulations
of solar exposure were conducted using Autodesk Revit software, version 2023. According
to the site development plan, the front façades face southeast and northeast, while the
courtyard-facing walls are orientated toward the southwest and northwest. The window
bays protruding from the façade are oriented eastward. The highest solar energy gains can
be achieved from the south, whereas the lowest are from the north [36,43,44]. The analysis
assumptions included, among others, the building’s location, its orientation relative to the
cardinal directions, geographic coordinates, date, and time, as well as the sun’s angle and
azimuth for the specified day and hours. Figures 3 and 4 illustrate the solar exposure of the
building at noon on both the longest and shortest days of the year.

According to the analysis, the most favourable location for installing photovoltaic
modules is the front wall facing southeast. However, due to the arrangement of the window
openings on this facade, the installation of photovoltaic cladding is not feasible. Therefore,
other façades must be considered.

The next best option in terms of potential solar energy yield is the wall facing
the parking area; nevertheless, this wall also does not permit the installation of pho-
tovoltaic cladding.

Another viable option is the front wall facing northeast, which—despite having numer-
ous window openings—provides a portion of surface area suitable for such an installation.
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Photovoltaic modules could be mounted on the left section of this wall, covering an ap-
proximate area of 12 × 6 = 72 m2.

Figure 3. Building solar exposure on the longest day of the year. Solar analysis of the building on the
summer solstice (21 June), performed using Autodesk Revit. The model presents the trajectory of
the sun over the building throughout the day—from sunrise (04:17) to sunset (21:11). The position
of the sun at 12:00 PM is marked. This analysis enables the assessment of daylight availability, the
potential for implementing BIPV systems, and the impact of shading on individual building façades.
Geographical directions (N, S, E, W) are visible, allowing the model to be oriented in accordance with
the actual site location. Analysis performed using Autodesk Revit software.

Figure 4. Building solar exposure on the shortest day of the year. Solar analysis of the building on the
winter solstice (21 December), performed using Autodesk Revit. The model presents the trajectory of
the sun over the building throughout the day—from sunrise (09:07) to sunset (16:34), with the sun’s
position marked at 12:00 PM. On this day, the sun follows the lowest path in the sky throughout the
year, resulting in a shorter duration of sunlight and longer shadows cast by the building. The analysis
enables the assessment of the impact of limited daylight access on individual façades, as well as the
effectiveness of passive design strategies and BIPV systems under winter conditions. Geographical
directions (N, S, E, W) are visible, allowing the analysis to be aligned with the actual site location.
Analysis performed using Autodesk Revit software.

The area of the wall suitable for installing the photovoltaic cladding is approximately
72 m2. A ventilated photovoltaic façade system can be applied to the analysed wall.
Modules with various power ratings are used for this type of façade, and an energy yield
analysis was performed for each variant of the module. The number of PV modules selected
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for each variant depends on the available wall area, assuming maximum utilisation of the
surface for aesthetic purposes and to ensure the highest possible energy yield. In the case
of photovoltaic balustrades, their quantity depends on the number of windows where the
balustrades can be installed.

4.2. Energy Yield
4.2.1. Variant 1—Modules with a Power Rating of 400 W

A maximum of 36 modules can be installed, producing energy with a nominal power
of 14.4 kW. The actual energy yield is Eactual = 5219.14kWh; however, the minimum
required energy yield was not achieved. Figure 5 presents the graph of energy yield as
a function of the month of the year. The highest energy yield occurs in June, reaching
approximately 900 kWh.

Figure 5. Performance results of grid-connected PV. The vertical axis represents the PV energy yield
per month throughout the year (kWh), while the horizontal axis represents the successive months of
the year. The results, presented in the form of a bar chart, indicate the energy yield value for each
month of the year in kWh/month. Source: Photovoltaic Geographical Information System (PVGIS).

To meet the required minimum energy yield, photovoltaic balustrades can be em-
ployed. So-called “French balconies” equipped with these photovoltaic balustrades can be
installed on the building.

4.2.2. Variant 1A—400 W Modules and Balustrades with a Power Density of 2.0 kW/m2

French balconies (also known as portfenetres) can be installed on tall windows located
on the front façades facing both the northeast and southeast directions. Due to the pos-
sibility of manufacturing balustrades in custom dimensions up to a maximum of 3.5 m,
balustrades measuring 1.80 × 1.10 m have been selected for installation on four windows
on the southeast side, while balustrades measuring 1.20 × 1.10 m will be installed on nine
windows on the southeast side and eleven windows on the northeast side. The balustrades
are designed with a maximum power density of 2.0 kW/m2.

The maximum power output of the modules integrated into the balustrades is 6.86 kW.
The total actual energy yield from the photovoltaic modules on the balustrades facing
southeast (SE 155◦) amounts to Eactual = 2542.00 kWh, whereas the yield from those facing
northeast (E 85◦) is Eactual = 1297.58 kWh, resulting in a combined total of 3839.58 kWh.
The total energy produced by the modules on the northeast façade and the photovoltaic
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balustrades is Eactual = 9058.72 kWh, thereby meeting the minimum energy production
requirements.

The total generated energy exceeds the minimum required by 63%. Consequently,
several optimisation solutions can be considered.

Discussion on the selection of the optimal solution for the significant energy surplus:
The energy surplus exceeds 20%, making the application of photovoltaic modules in this
configuration economically unviable. The energy surplus generated by photovoltaic (PV)
modules should generally fall within the range of 10% to 20%, providing a technical buffer
that compensates for potential losses caused by factors such as partial shading, soiling,
or long-term module degradation. Maintaining this margin helps to ensure consistent
system performance and prevents underproduction during less favourable conditions.
When the surplus reaches approximately 20%, the excess energy can be either exported to
the electrical grid or stored in an energy storage system (ESS), without causing operational
inefficiencies or overgeneration issues.

To preserve the aesthetic quality regarding the placement and number of PV modules,
it is recommended to reduce the power rating of the photovoltaic modules. In this case,
tinted glass can be used, which will particularly enhance the visual appearance. Any
glass colour can be applied; however, three variants with parameters specified in the
manufacturer’s datasheet will be analysed.

4.2.3. Variant 2—Red Modules, 240 W

A maximum of 36 modules can be installed, producing energy with a rated power of
8.64 kW. The actual energy yield amounts to Eactual = 3131.48 kWh; however, the minimum
energy requirement is not met. Figure 6 presents a graph illustrating the monthly energy
yield throughout the year. The highest energy yield is achieved in June, exceeding 500 kWh.

Figure 6. Performance results of grid-connected PV. The vertical axis represents the PV energy yield
per month throughout the year (kWh), while the horizontal axis represents the successive months of
the year. The results, presented in the form of a bar chart, indicate the energy yield value for each
month of the year in kWh/month. Source: Photovoltaic Geographical Information System (PVGIS).

4.2.4. Variant 2A—Red Modules 240 W Combined with Balustrades Rated at 2.0 kW/m2

Taking into account the photovoltaic balustrades the total actual energy produced
by the modules on the northeast façade and the photovoltaic balustrades amounts to
Eactual = 6971.06 kWh, thereby meeting the minimum energy yield requirement.
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The total generated energy exceeds the minimum required by 21%.
This surplus should be reduced to improve the economic feasibility of the photo-

voltaic system.
The optimal solution is to decrease the power rating of the modules installed on the

balustrades.

4.2.5. Variant 2B—Red Modules 240 W and Balustrades with a Power Density of
1.60 kW/m2

The maximum power of the modules is 5.49 kW. The total actual energy yield of pho-
tovoltaic modules on the balustrades facing southeast (SE 155◦) is Eactual = 2009.45 kWh,
while for those facing northeast (E 85◦) it is Eactual = 1038.06 kWh, resulting in a com-
bined total of 3047.51 kWh. The total energy produced by the modules on the northeast
façade and the photovoltaic balustrades with a power density of 1.60 kW/m2 amounts to
Eactual = 6178.99 kWh, thereby meeting the minimum energy yield requirement.

The total generated energy exceeds the minimum required by 11%, which is considered
an optimal surplus.

4.2.6. Variant 3—Gray Modules, 290 W

A maximum of 36 modules can be used, producing energy with a rated power of
10.44 kW. The actual energy yield is Eactual = 3783.87 kWh, which does not meet the
minimum energy requirement. Figure 7 presents a graph showing the monthly energy
yield throughout the year. The highest energy yield is achieved in June, with a value of
approximately 650 kWh.

Figure 7. Performance results of grid-connected PV. The vertical axis represents the PV energy yield
per month throughout the year (kWh), while the horizontal axis represents the successive months of
the year. The results, presented in the form of a bar chart, indicate the energy yield value for each
month of the year in kWh/month. Source: Photovoltaic Geographical Information System (PVGIS).

4.2.7. Variant 3A—Grey Modules 290 W and Balustrades with a Power Density of
2.0 kW/m2

Taking into account photovoltaic balustrades, the total actual energy produced
by the modules in the northeast façade and the photovoltaic balustrades amounts to
Eactual = 7623.45 kWh, fulfilling the minimum energy yield requirement. The total gener-
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ated energy exceeds the minimum required by 38%. This surplus should be reduced to
improve the economic feasibility of the photovoltaic system. The optimal solution is to
reduce the power rating of the modules installed on the balustrades.

4.2.8. Variant 3B—Grey Modules 290 W and Balustrades with a Power Density of
1.60 kW/m2

The total actual energy produced by the modules in the northeast façade and the
photovoltaic balustrades is Eactual = 6831.38 kWh, meeting the minimum energy yield
requirement.

The total generated energy exceeds the minimum required by 24%. This surplus
should be reduced to improve the economic efficiency.

4.2.9. Variant 3C—Grey Modules 290 W and Balustrades with a Power Density of
1.40 kW/m2

Assuming that the maximum power photovoltaic modules for balustrades can produce
is 1.40 kW/m2, the maximum module power is 4.80 kW. The total actual energy yield of pho-
tovoltaic modules on the balustrades facing southeast (SE 155◦) is Eactual = 1755.89 kWh,
while on those facing northeast (E 85◦) it is Eactual = 908.30 kWh, which together to-
tals 2664.19 kWh. The total energy produced by the modules on the northeast façade
and the photovoltaic balustrades with a power density of 1.40 kW/m2 amounts to
Eactual = 6448.06 kWh, thus meeting the minimum energy yield requirement. The to-
tal generated energy exceeds the minimum required by 14%. This level of surplus is
considered optimal.

4.2.10. Variant 4—Green Modules 200 W

A maximum of 42 modules can be installed, yielding a rated power of 8.40 kW. The
actual energy yield amounts to Eactual = 3044.50 kWh, which fails to meet the minimum
energy requirement. Figure 8 presents a graph that illustrates the monthly energy yield
throughout the year, with the highest yield recorded in June, exceeding 500 kWh.

Figure 8. Performance results of grid-connected PV. The vertical axis represents the PV energy yield
per month throughout the year (kWh), while the horizontal axis represents the successive months of
the year. The results, presented in the form of a bar chart, indicate the energy yield value for each
month of the year in kWh/month. Source: Photovoltaic Geographical Information System (PVGIS).
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4.2.11. Variant 4A—Green Modules 200 W and Balustrades with a Power Density of
2.0 kW/m2

Taking into account photovoltaic balustrades, the total actual energy produced by
the modules on the northeast facing wall and the photovoltaic balustrades amounts to
Eactual = 6884.08 kWh, fulfilling the minimum energy yield requirement.

The total energy produced is 25% higher than the minimum required. The surplus
should be reduced to improve the cost-effectiveness of the photovoltaic system. The best
solution is to reduce the power of the modules on the balustrades.

4.2.12. Variant 4B—Green Modules 200 W and Balustrades with a Power Density of
1.60 kW/m2

The total energy produced by the modules on the wall and the photovoltaic balustrades
is Eactual = 6092.01 kWh, meeting the minimum energy yield requirement.

The total produced energy is 10% higher than the minimum required. This level of
surplus is optimal.

4.2.13. Variant 5—Modules with a Power of 470 W

A maximum of 32 modules can be installed, providing a total nominal power of
15.04 kW. The actual annual energy yield is Eactual = 5451.10 kWh, which satisfies the
minimum energy yield requirement. Figure 9 presents a graph that illustrates the variation
in monthly energy yield throughout the year. The highest monthly energy production is
observed in June, reaching approximately 900 kWh.

Figure 9. Performance results of grid-connected PV. The vertical axis represents the PV energy yield
per month throughout the year (kWh), while the horizontal axis represents the successive months of
the year. The results, presented in the form of a bar chart, indicate the energy yield value for each
month of the year in kWh/month. Source: Photovoltaic Geographical Information System (PVGIS).

Due to the failure to meet the minimum energy requirement based on manual calcula-
tions, it is necessary to increase the rated power of the photovoltaic modules. However, the
application of photovoltaic balustrades in this configuration would result in a significant
energy surplus, rendering the solution economically unviable. Therefore, an alternative
scenario was analysed using modules with a rated power of 480 W.
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4.2.14. Variant 6—480 W Module

A maximum of 32 modules can be installed, resulting in a total nominal power of
15.36 kW. The actual annual energy yield amounts to Eactual = 5567.08 kWh, thereby
fulfilling the minimum energy requirement. Figure 10 presents a graph that illustrates the
monthly distribution of energy production throughout the year. The highest energy yield
is observed in June, approaching 1000 kWh.

Figure 10. Performance results of grid-connected PV. The vertical axis represents the PV energy yield
per month throughout the year (kWh), while the horizontal axis represents the successive months of
the year. The results, presented in the form of a bar chart, indicate the energy yield value for each
month of the year in kWh/month. Source: Photovoltaic Geographical Information System (PVGIS).

5. Analysis of the Results

As part of this study, a comparative analysis of various layout and configuration
options for photovoltaic modules within a BIPV system was conducted. The analysis
included both vertically mounted façade-integrated modules and additional modules
incorporated into balcony railings. A total of 14 variants were examined, involving differ-
ent types (standard and coloured), rated power outputs (ranging from 200 W to 480 W),
and numbers of installed units. Table 9 presents a summary of the BIPV variants, re-
flecting the influence of the module type on the performance of the system. For each
configuration, the total installed capacity and the estimated annual electricity yield were
calculated, taking into account contributions from modules mounted on the façade and
integrated with the rails. This comparative approach enables an evaluation of the impact
of aesthetic choices and technical configurations on the overall energy performance of the
BIPV installation.

Figure 11 presents a graph illustrating the significant variation in total installed system
capacity across the analysed BIPV variants. Base variants (1–6), which include only façade-
mounted modules, provide installed capacities ranging from 8.4 kW to 15.36 kW, depending
on the type and quantity. On the contrary, the extended variants—incorporating additional
balcony railing modules (variants 1A, 2A, etc.)—increase the total capacity to more than
21 kW, as observed in variant 1A.
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Table 9. Comparison of BIPV installation variants. Own elaboration.

Variant

Wall
Module
Power

[W]

Balustrade
Module
Power
[W/m2]

Number
of Wall

Modules
[pcs]

Number of
Balustrade
Modules

[pcs]

Wall
Module
Power
[kW]

Balustrade
Module
Power
[kW]

Total
Power
[kW]

Wall
Energy
Yield
[kWh]

Balustrade
Energy
Yield
[kWh]

Total
Energy
Yield
[kWh]

1 400 0 36 0 14.4 0 14.4 5219.136 0 5219.136

1A 400 200 36 24 14.4 6.86 21.26 5219.136 3839.58 9058.716

2 240 0 36 0 8.64 0 8.64 3131.482 0 3131.482

2A 240 200 36 24 8.64 6.86 15.5 3131.48 3839.58 6971.06

2B 240 160 36 24 8.64 5.49 14.13 3131.482 3047.51 6178.992

3 290 0 36 0 10.44 0 10.44 3783.874 0 3783.874

3A 290 200 36 24 10.44 6.86 17.3 3783.874 3839.58 7623.454

3B 290 160 36 24 10.44 5.49 15.93 3783.874 3047.51 6831.384

3C 290 140 36 24 10.44 4.8 15.24 3783.874 2664.19 6448.064

4 200 0 42 0 8.4 0 8.4 3044.5 0 3044.5

4A 200 200 42 24 8.4 6.86 15.26 3044.5 2829.58 5874.08

4B 200 160 42 24 8.4 5.49 13.89 3044.5 3047.51 6092.01

5 470 0 32 0 15.04 0 15.04 5451.098 0 5451.098

6 480 0 32 0 15.36 0 15.36 5567.078 0 5567.078
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Figure 11. Installed capacity of the BIPV system. Total installation power for individual variants.
The vertical axis represents the total power (kW) of the analysed variants, while the horizontal axis
represents the individual variants.

The most substantial increase in installed capacity was recorded in variants with
integrated railing modules (variants labelled A, B, and C), where the balcony components
contributed more than 30% of total system capacity. A standard deviation of 3% error was
assumed.

Figure 12 presents a graph illustrating the projected annual energy yield for each
variant analysed. The highest yield was achieved by variant 1A, reaching 9058.7 kWh per
year, resulting from the use of high-efficiency 400 W modules on the façade combined with
additional 200 W modules integrated into the balustrades. On the contrary, variants 2 and 4
(featuring red and green modules) without balustrades produced total yields not exceeding
3100–3200 kWh annually.
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Figure 12. Annual energy yield. Annual energy yield for individual variants. The vertical axis
represents the total energy yield (kWh) of the analysed variants, while the horizontal axis represents
the individual variants.

The inclusion of balustrades increased energy production by an average of 40–60% com-
pared to base variants. For variants 2A–4B (coloured modules), the additional balustrade
modules partially compensated for efficiency losses due to the lower optical performance
of these modules. A standard deviation of 3% error was assumed.

To conduct a more detailed investigation, an uncertainty analysis was performed
to assess the potential shading of the PV modules. Shading of the module surface can
significantly affect system efficiency. It is assumed that shading at the level of a few percent
can reduce efficiency by up to 50%. Accordingly, calculations were carried out for efficiency
reductions of 25%, 40%, and 50%. The results are presented in Table 10.

Table 10. Comparison of BIPV installation variants considering different efficiency losses due to
shading. Own elaboration.

Variant
Total

Power
[kW]

Total
Energy
Yield
[kWh]

25%
Efficiency

Loss
[kWh]

Minimum
Energy
Yield

Condition

Energy
Efficiency

40%
Efficiency

Loss
[kWh]

Minimum
Energy
Yield

Condition

Energy
Efficiency

50%
Efficiency

Loss
[kWh]

Minimum
Energy
Yield

Condition

Energy
Efficiency

1 14.4 5219.136 4605.12 unfulfilled NO 3684.096 unfulfilled NO 3070.08 unfulfilled NO
1A 21.26 9058.716 8444.7 fulfilled NO 7523.676 fulfilled NO 6909.66 fulfilled NO
2 8.64 3131.482 2763.072 unfulfilled NO 2210.458 unfulfilled NO 1842.048 unfulfilled NO

2A 15.5 6971.06 6602.652 fulfilled YES 6050.038 fulfilled NO 5681.628 fulfilled NO
2B 14.13 6178.992 5810.582 fulfilled NO 5257.968 unfulfilled NO 4889.558 unfulfilled NO
3 10.44 3783.874 3338.712 unfulfilled NO 2670.97 unfulfilled NO 2225.808 unfulfilled NO

3A 17.3 7623.454 7178.292 fulfilled NO 6510.55 fulfilled YES 6065.388 fulfilled NO
3B 15.93 6831.384 6386.222 fulfilled YES 5718.48 fulfilled NO 5273.318 unfulfilled NO
3C 15.24 6448.064 6002.902 fulfilled NO 5335.16 unfulfilled NO 4889.998 unfulfilled NO
4 8.4 3044.5 2686.32 unfulfilled NO 2149.056 unfulfilled NO 1790.88 unfulfilled NO

4A 15.26 5874.08 5515.9 unfulfilled NO 4978.636 unfulfilled NO 4620.46 unfulfilled NO
4B 13.89 6092.01 5733.83 fulfilled NO 5196.566 unfulfilled NO 4838.39 unfulfilled NO
5 15.04 5451.098 4809.792 unfulfilled NO 3847.834 unfulfilled NO 3206.528 unfulfilled NO
6 15.36 5567.078 4912.128 unfulfilled NO 3929.702 unfulfilled NO 3274.752 unfulfilled NO

The analysis assessed the impact of shading at 25%, 40%, and 50% on meeting the
minimum required energy yield and optimal production (10–20% surplus). The results
indicate that only variants 1A, 2A, and 3A meet the minimum yield in all loss scenarios,
with the optimal level of surplus achieved in variant 2A at 25% losses, in variant 3A at
40% losses, and in variant 3B at 25%. Although variant 1A meets the requirements, it
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generates a surplus above the optimal range in each configuration, suggesting system
oversizing. Most of the remaining variants fail to achieve the minimum yield in any loss
scenario, indicating insufficient system power under shading conditions.

Based on the presented table and chart, the results of the cost analysis and annual
energy performance of various photovoltaic (PV) module variants can be summarised
as follows:

Table 11 provides a comparison of the approximate purchase costs of PV modules
for the analysed variants. These variants differ in the power rating of the wall-mounted
and balustrade modules, as well as in their quantities. Costs have been converted to
Polish zloty (PLN) and US dollars (USD). Additionally, the energy efficiency of each
variant is indicated, where “YES” denotes an energy-efficient variant, and “NO” indicates a
non-efficient one.

Table 11. Comparison of approximate purchase costs of PV modules for the analysed variants. Own
elaboration.

Variant
Wall

Module
Power [W]

Balustrade
Module
Power
[W/m2]

Number of
Wall

Modules
[pcs]

Number of
Balustrade
Modules

[pcs]

Total
Power
[kW]

Total
Energy
Yield
[kWh]

Approximate
Costs, PLN

Approximate
Costs, USD

Energy
Efficiency

1 400 0 36 0 14.4 5219.136 10,080.00 zł $2739.13 NO
1A 400 200 36 24 21.26 9058.716 70,080.00 zł $19,043.48 NO
2 240 0 36 0 8.64 3131.482 135,000.00 zł $36,684.78 NO

2A 240 200 36 24 15.5 6971.06 195,000.00 zł $52,989.13 NO
2B 240 160 36 24 14.13 6178.992 185,400.00 zł $50,380.43 YES
3 290 0 36 0 10.44 3783.874 135,000.00 zł $36,684.78 NO

3A 290 200 36 24 17.3 7623.454 195,000.00 zł $52,989.13 NO
3B 290 160 36 24 15.93 6831.384 185,400.00 zł $50,380.43 NO
3C 290 140 36 24 15.24 6448.064 181,800.00 zł $49,402.17 YES
4 200 0 42 0 8.40 3044.5 157,500.00 zł $42,798.91 NO

4A 200 200 42 24 15.26 5874.08 217,500.00 zł $59,103.26 NO
4B 200 160 42 24 13.89 6092.01 207,900.00 zł $56,494.57 YES
5 470 0 32 0 15.04 5451.098 10,560.00 zł $2869.57 NO
6 480 0 32 0 15.36 5567.078 11,040.00 zł $3000.00 NO

Out of the 14 analysed variants, only three (2B, 3C, 4B) were marked as energy efficient
(green shading denotes variants that satisfy the energy optimality criterion, whereas red
shading denotes variants that do not satisfy this criterion), indicating that their calcu-
lated energy yield relative to the generated surplus is the most favourable. Variants with
balustrade modules rated at 160 W (e.g., 2B, 3C, 4B) exhibit higher efficiency despite higher
purchase costs compared to variants without balustrade modules or with lower-power
modules.

The bar chart (Figure 13) shows the annual energy performance (in USD on the vertical
axis) for the individual variants (on the horizontal axis). Variants 2B, 3C, and 4B achieve
high energy performance values at moderate costs. The cheapest variants (1, 1A, 6) do
not necessarily translate into high energy efficiency, highlighting the need for thorough
profitability analysis when investing in PV systems.

In summary, variants with balustrade modules of 160 W (2B, 4B) and 140 W (3C) offer
the best compromise between cost and annual energy yield, making them the most energy-
efficient solutions among the analysed options. Among them, variant 3C (marked in green
colour) meets the condition of energy profitability while having the lowest approximate
cost. The remaining variants, despite their lower purchase costs, exhibit lower energy
efficiency and may be less profitable during long-term operation.

The analysis was conducted based on the study [45], which demonstrated that, assum-
ing the PV system operates over a 30-year period, the maintenance cost of the photovoltaic
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installation amounts to USD 3.55/kWh. The results were compared with the average
annual electricity purchase cost, which for the analysed building totals USD 1689.06.

0

10000

20000

30000

40000

50000

60000

70000

1 1A 2 2A 2B 3 3A 3B 3C 4 4A 4B 5 6
Approximate costs $

Figure 13. Annual energy yield for individual variants. The vertical axis represents the approximate
costs USD of the analysed variants, while the horizontal axis represents the individual variants.

The lifecycle cost (LCC) analysis of the photovoltaic installations, presented in Table 12,
indicated that all installation variants provide savings compared to conventional electricity
purchase (USD 1689.06/year). The highest savings (78.67%) were achieved with vari-
ant 4, which includes exclusively 200 W wall-mounted modules, whereas variants with
additional balustrade modules exhibited lower savings, e.g., variant 1A—36.54%. Consid-
ering the most energy-efficient variants, namely 2A, 3C, and 4B, the savings amount to
approximately 54%.

From the analysis carried out, the following conclusions can be drawn:

• Using only 400 W modules on the northeast facing façade does not meet the minimum
energy yield requirement.

• The addition of photovoltaic balustrades on tall windows significantly exceeds the
minimum energy production, resulting in an excessive surplus.

• Coloured photovoltaic modules provide more aesthetically favourable options but
have lower energy yields; however, balustrades with a power density of 2.0 kW/m2

surpass the necessary energy production.
• Reducing the balustrade power density to 1.6 kW/m2 for the red and green modules

and to 1.4 kW/m2 for the grey modules yields an optimal surplus, improving economic
viability.

• Using 470 W modules alone on the northeast façade almost meets the requirement
(only 1.3% shortfall); adding balustrades would create a significant surplus.

• Using 480 W modules alone on the northeast façade meets the minimum require-
ment, but with a margin below 1%, making further balustrade modules economically
unjustified.

• Variants with balustrade modules rated at 160 W and 140 W (2B, 3C, 4B) provide the
best compromise between purchase cost and annual energy performance.

• Variant 3C stands out as the most cost-effective option while maintaining high energy
efficiency.
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• Cheaper variants exhibit lower efficiency, which may lead to reduced savings over
longer operational periods.

• Analysing the selection of the optimal variant with respect to potential shading of the
installation, it can be observed that variant 3A performs best, as its energy production
under shaded conditions remains optimal even with losses of up to 40%.

• Variant 3A can be considered optimal for losses of 25%, even in cases of a 23% surplus
in generated energy, due to its favourable performance under 40% loss conditions.

• Considering the estimated costs of PV modules, the investment for variant 3A is
approximately USD 3500 higher compared to variant 3C, which generates energy
under standard conditions (i.e., without additional shading).

Table 12. Comparison of lifecycle costs of photovoltaic installations with energy purchased from
suppliers. Own elaboration.

Variant
Wall Module

Power [W]

Balustrade
Module Power

[W/m2]
Total Power [kW]

Total Energy
Yield [kWh]

Lifecycle Cost USD Cost Savings [%]

1 400 0 14.4 5219.136 $617.60 63.44

1A 400 200 21.26 9058.716 $1071.95 36.54

2 240 0 8.64 3131.482 $370.56 78.06

2A 240 200 15.5 6971.06 $824.91 51.16

2B 240 160 14.13 6178.992 $731.18 56.71

3 290 0 10.44 3783.874 $447.76 73.49

3A 290 200 17.3 7623.454 $902.11 46.59

3B 290 160 15.93 6831.384 $808.38 52.14

3C 290 140 15.24 6448.064 $763.02 54.83

4 200 0 8.4 3044.5 $360.27 78.67

4A 200 200 15.26 5874.08 $695.10 58.85

4B 200 160 13.89 6092.01 $720.89 57.32

5 470 0 15.04 5451.098 $645.05 61.81

6 480 0 15.36 5567.078 $658.77 61.00

6. Discussion

The results of the conducted analysis confirm a significant dependence between
location, module type, their power, and the total energy yield of BIPV systems. The highest
efficiency was observed in variants with additional modules mounted on balustrades (e.g.,
variant 1A), which aligns with findings from other authors that highlight the importance
of maximising PV exposure area in residential projects while maintaining a coherent
architectural integration strategy.

Studies [30,33] indicate that the use of coloured modules—despite their efficiency
limitations—can be justified from an aesthetic perspective, especially in projects with high
architectural demands. In the variants 2 to 4 analysed (red, grey, and green modules), a
significant decrease in energy yield was observed compared to variants with classic black
modules (variants 1, 5, and 6). However, additional balustrade installations (e.g., variants
2A–4B) partially compensated for these differences, increasing energy production by 40%
to 60%. In the study [1], the authors emphasise that BIPV should continue to develop as a
key technology to accelerate the energy transition and achieve the NZEB targets.

The conclusions drawn from the conducted analysis are consistent with the observa-
tions made by the authors in [25], who highlighted a particular synergy between BIPV
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technology and modular construction in their review of the literature. They emphasise
that the prefabrication of PV-integrated elements not only reduces assembly time and
improves workmanship quality, but also facilitates the standardisation and scalability of
solutions [36]. In the context of the modular building variants, incorporating balustrade
elements with prefabricated PV modules aligns with the development trends identified in
the literature, serving as a solution that promotes both energy efficiency and technological
optimisation. This supports the view of prefabricated BIPV integration not only as an
aesthetic addition but as an integral component of the building’s energy system.

Effective integration of BIPV systems requires not only considering potential energy
yields but, more importantly, balancing them with user demand and the daily energy con-
sumption profile of the building [46]. Therefore, in the variants analysed, the optimisation
of the system should account for both solar exposure conditions and functional layout
alongside the characteristics of the energy loads [47–49]. The results of the analysis may
serve as practical support for engineers and architects designing modular buildings with
integrated BIPV systems. The use of photovoltaic modules as façade elements requires
consideration of both technical and aesthetic aspects, particularly in the context of pre-
fabrication and the repeatability of building modules. The differences in performance
identified in the study, depending on the type and arrangement of the modules, can be
used to optimise design solutions, allowing for better adaptation of the BIPV system to the
functional and visual requirements of a given building.

7. Conclusions

The drive toward climate neutrality imposes new requirements on zero-energy build-
ings. The development of integrated modular construction, recognised for being both
cost-effective and environmentally friendly, should be harmonised with BIPV systems. The
analysis confirms that the effectiveness of photovoltaic systems depends on several factors:

• The highest energy yields are achieved with configurations utilising classic (black),
high-power modules combined with additional balustrade surfaces.

• Coloured modules, despite their lower efficiency, can be applied effectively in projects
where aesthetic considerations are prioritised, provided the installation area remains
reasonable.

• An integrated design approach that considers technical, architectural, and functional
parameters is essential for the effective integration of BIPV in residential construction;
this is also supported by recent international studies.

Additionally, simulations of the variants indicated that the optimal solution is a com-
bination of photovoltaic balustrades on the windows and coloured photovoltaic modules
on the walls. To further this research, it would be advisable to analyse modules in other
colours, given the impact of the colour of the PV module on power output.

The conducted analyses indicate that the variants incorporating balustrade modules
(2B, 3C, 4B) offer the optimal trade-off between initial investment cost and annual energy
performance. Among these, variant 3C emerges as the most cost-efficient solution while
still delivering high energy efficiency. Lower-cost alternatives exhibit reduced performance,
which may lead to diminished savings over the long term. Moreover, when considering
the estimated costs of PV modules, variant 3A is approximately USD 3500 more expensive
than 3C, despite generating a comparable amount of energy under standard conditions
(i.e., without additional shading).

Moreover, future research directions on BIPV systems should consider not only visual
aspects but also technical and operational issues. In particular, it is worth exploring the
integration with energy storage systems, the performance analysis of modules under
varying climatic conditions, and the application of artificial intelligence-based optimisation
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algorithms for module layout planning. Such approaches may significantly enhance the
energy efficiency and reliability of BIPV systems in engineering practice.

Note that the expected power output is not always attainable, as demonstrated by the
analysis of various photovoltaic module solutions and configurations. The study revealed
that each module type can be used in varying quantities, which consequently affects overall
costs. The application of photovoltaic balustrades could have a particularly broad use in
urban construction, given the prevalence of multifamily buildings and balconies.

These efforts align with the broader goals of transforming the energy sector within
construction and advancing low-emission systems through modular building technolo-
gies. The results obtained may serve as a basis for further research into the integration
and utilisation of building-integrated photovoltaic (BIPV) technology in next-generation
modular systems.
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Historic Building Thermal Diagnostics Algorithm Presented for the Example of a Townhouse in Lviv. Energies 2020, 13, 5374.
[CrossRef]
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Abstract

With buildings accounting for 40% of global energy consumption, heating, ventilation,
and air conditioning (HVAC) systems represent the single largest opportunity for emis-
sions reduction, consuming up to 60% of commercial building energy while maintaining
occupant comfort. This critical balance between energy efficiency and human comfort
has traditionally relied on rule-based and model predictive control strategies. Given the
multi-objective nature and complexity of modern HVAC systems, these approaches fall
short in satisfying both objectives. Recently, reinforcement learning (RL) has emerged as
a method capable of learning optimal control policies directly from system interactions
without requiring explicit models. However, standard RL approaches frequently violate
comfort constraints during exploration, making them unsuitable for real-world deployment
where occupant comfort cannot be compromised. This paper addresses two fundamen-
tal challenges in HVAC control: the difficulty of constrained optimization in RL and the
challenge of defining appropriate comfort constraints across diverse conditions. We adopt
a safe RL with a neural barrier certificate framework that (1) transforms the constrained
HVAC problem into an unconstrained optimization and (2) constructs these certificates
in a data-driven manner using neural networks, adapting to building-specific comfort
patterns without manual threshold setting. This approach enables the agent to almost
guarantee solutions that improve energy efficiency and ensure defined comfort limits. We
validate our approach through seven experiments spanning residential and commercial
buildings, from single-zone heat pump control to five-zone variable air volume (VAV) sys-
tems. Our safe RL framework achieves energy reduction compared to baseline operation
while maintaining higher comfort compliance than unconstrained RL. The data-driven
barrier construction discovers building-specific comfort patterns, enabling context-aware
optimization impossible with fixed thresholds. While neural approximation prevents abso-
lute safety guarantees, reducing catastrophic safety failures compared to unconstrained
RL while maintaining adaptability positions this approach as a developmental bridge
between RL theory and real-world building automation, though the considerable gap in
both safety and energy performance relative to rule-based control indicates the method
requires substantial improvement for practical deployment.

Keywords: HVAC system; reinforcement learning; safe reinforcement learning; neural
barrier certificates
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1. Introduction

Heating, ventilation, and air conditioning (HVAC) controls typically rely on stan-
dardized comfort criteria like Fanger’s thermal comfort model, which forms the basis for
key standards, including EN ISO 7730 [1] and ASHRAE 55 [2–4]. This model employs
the Predicted Mean Vote (PMV) and Predicted Percentage of Dissatisfied (PPD) indices
to quantify comfort boundaries. Human thermal comfort depends on physical activity,
clothing insulation, air temperature, mean radiant temperature, and air velocity [5,6].
The PMV model, based on extensive field studies, quantifies how these variables impact
thermal perception [3]. Significant variations exist based on age and gender [7–9], and
psychological factors contribute to subjective differences in thermal perception [10,11]. The
PPD extends the PMV by predicting the percentage of thermally dissatisfied occupants.
Comfort limits vary seasonally, with the temperature range between 20 and 25 °C generally
identified as acceptable across seasons [10], forming a subset of specifications outlined by
Nikam et al. [12].

Maintaining thermal comfort corridors is essential for system acceptance, as user
intervention in energy-optimized controls can undermine system performance. Comfort
preferences fluctuate due to psychological factors and environmental conditions [10],
necessitating adaptive solutions—particularly in shared spaces where consensus is needed.
HVAC systems are crucial for ensuring thermal comfort but come with a significant energy
demand. HVAC systems are particularly energy-intensive [13], accounting for 40% of
energy use in non-residential buildings [14] and 75% in residential buildings [15]. Buildings
account for 30–40% of global energy consumption and a third of CO2 emissions [15–18].
Therefore, improving the energy efficiency of HVAC operation is essential to reducing
overall energy use and emissions.

Climate change concerns have intensified research on balancing thermal comfort with
energy efficiency [10], making the reduction in HVAC energy consumption while maintain-
ing comfort a critical challenge for energy management systems. Learning systems offer
the potential to continuously optimize both comfort and energy efficiency by incorporating
evolving user preferences. Balancing comfort priorities, however, is critical: insufficient
attention to comfort affects occupant health and productivity, while over-prioritization in-
creases energy costs. This balance is particularly significant given current climate challenges
and the fact that people spend approximately 90% of their time indoors [5,19]. An accept-
able combination of environmental conditions according to PMV and PPD methodologies
remains essential [13].

In recent years, reinforcement learning (RL) [20] has received considerable attention
for data-driven learning of building control policies [21]. RL is a computational approach
to learning from interaction, where an agent learns to make decisions by receiving rewards
or penalties from its environment through trial and error [20]. Due to the complexity
of modern building control policies in orchestrating competing objectives (cf. energy
consumption, occupant comfort), RL offers a feasible approach to efficient data-driven
learning of (near-)optimal control policies [22]. Moreover, due to the complexity of modern
building environments, providing an accurate model of the building or the HVAC system
is an intractable task that may result in inaccurate dynamics, which compromises controller
efficiency and leads to sub-optimal control performance. RL can tackle this problem due to
its model-free nature and provide a controller that can act (near-)optimally without having
any knowledge of the system dynamics [22].

1.1. Research Problem and Contributions

The BOREALIS project [23] aims to develop RL solutions for creating greener, more
energy-efficient buildings. While BOREALIS primarily focuses on optimizing artificial light-
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ing control systems to reduce energy consumption while maintaining occupant comfort,
the underlying challenge of balancing energy efficiency with user comfort extends across
all building control systems. This paper addresses a parallel challenge in HVAC systems,
where similar trade-offs between energy consumption and thermal comfort create complex
optimization problems that can benefit from the RL methodologies being developed within
the BOREALIS framework.

Many RL studies for HVAC controls incorporate both energy consumption and ther-
mal comfort in their reward functions, creating complexity due to these conflicting objec-
tives [21,24]. Balancing these goals with weighted reward functions raises questions about
proper quantification and relative importance [25]. Our approach utilizes neural barrier
certificates [26] to restrict the action space to options that are both optimal and respect ther-
mal comfort constraints. This data-driven method eliminates the need for explicit thermal
comfort modeling while transforming the constrained RL problem into an unconstrained
formulation. By maintaining adherence to comfort boundaries, the agent becomes more
efficient at optimizing the single-objective function of energy consumption. Moreover,
this approach eliminates the requirement for explicit system dynamics in formulating
the forward invariance property of barrier certificates [27], transforming it into a purely
data-driven learning problem that attempts to achieve improved safety performance while
indicating comparable energy efficiency without prior knowledge of system or constraint
dynamics. This methodology, while applied here to HVAC systems, offers insights that
can inform the broader BOREALIS objective of developing generalizable RL techniques for
sustainable building control across multiple domains.

In addressing our research problem, we are guided by the following research questions:

RQ1 What is the applicability and effectiveness of safe reinforcement learning with neural
barrier certificates in the building control domain?

RQ2 What is the impact of pre-training, random and non-random episode generation, and
the length of training on a safe RL agent’s performance?

RQ3 To what extent does safe RL control with neural barrier certificates improve upon or
match the performance of baseline controllers?

We thereby deliver the following contributions:

C1 Demonstrates the applicability of safe RL with neural barrier certificates in the building
control domain, validating its effectiveness for handling thermal comfort constraints
while optimizing energy consumption.

C2 Provides empirical evidence of the method’s performance across multiple BOPTEST
test cases, different control levels (air handling unit (AHU) duct pressure and supply
temperature), and varying episode lengths and learning intervals.

C3 Demonstrates that pre-trained barrier functions improve learning efficiency and per-
formance compared to non-pretrained approaches in HVAC control applications.

C4 Shows that safe RL with neural barrier certificates achieves energy and safety perfor-
mance comparable to a Proximal Policy Optimization (PPO) agent and a Rule-based Con-
troller (RBC), establishing its viability as an alternative control approach for buildings.

1.2. Research Methodology

This study follows an experimental research methodology, employing controlled
experiments to establish cause-and-effect relationships and validate theoretical concepts
with empirical evidence [28]. We implement a safe RL controller with neural barrier cer-
tificates for HVAC systems and systematically evaluate its performance across multiple
BOPTEST [29] test cases with varying control configurations. The investigation encom-
passes different episode lengths, learning intervals, and the impact of pre-training barrier
functions on controller performance. The results are benchmarked against established
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baselines, including a PPO agent and an RBC controller. Based on the identified research
gap that we will discuss in Section 2, we formulate the following hypothesis:

Hypothesis (H1). Safe RL with neural barrier certificates achieves energy efficiency comparable to
or better than classical controllers while maintaining thermal comfort constraints through learned
barrier certificates.

This is investigated against the null hypothesis:

Hypothesis (H0). Safe RL with neural barrier certificates does not achieve competitive energy effi-
ciency compared to classical controllers and/or fails to maintain thermal comfort constraints effectively.

Our experimental design allows us to test whether the neural barrier certificate ap-
proach can successfully balance energy optimization with constraint satisfaction in real
building control scenarios, while also examining the practical benefits of pre-training for
deployment efficiency.

Article Organization: Following the introduction, Section 2 reviews existing literature
on RL-based building control and safe reinforcement learning approaches. Section 3
provides foundational concepts in reinforcement learning and its application to building
control systems. Section 4 presents the neural barrier certificate framework and formulates
its application to constrained HVAC control problems. Section 5 details the experimental
design, including BOPTEST test cases, control configurations, and evaluation metrics,
then presents results comparing the safe RL controller against baseline controllers while
analyzing the impact of pre-training on performance. Finally, Section 6 summarizes the
contributions and suggests future research directions.

2. Related Work

Model-based approaches have been extensively explored for HVAC control, par-
ticularly through proportional–integral–derivative (PID) controllers [30–33] to manage
building energy and air quality. Optimal control formulations for HVAC systems have also
been investigated [34–36], aiming to lower energy costs and enhance occupant comfort.
In addition, fuzzy control strategies have been proposed [37,38] to handle uncertainties
arising from external and internal variations. Model predictive control (MPC) further
advances these efforts by leveraging predictive models to balance energy consumption and
comfort [39–41], where adaptive frameworks and grey-box models are employed. Iterative
learning control (ILC) has likewise been used to refine MPC output [42].

Model-based approaches for HVAC control face significant challenges due to the
complexity of underlying building dynamics, varying occupant behavior, and external
environmental factors, often necessitating simplified models that fail to capture nuanced
interactions. They also struggle to accommodate changing building characteristics and
occupancy patterns while remaining highly sensitive to uncertainties such as weather,
occupancy estimates, and internal heat gains [43]. RL addresses these limitations by
learning optimal strategies through direct interaction with the environment, requiring
no explicit model and allowing continuous adaptation to evolving conditions, thereby
overcoming the rigidity of traditional model-based approaches [43].

Various RL methods have been leveraged to optimize HVAC energy usage and main-
tain occupant comfort [24]. Deep deterministic policy gradients (DDPG) have been used
to manage HVAC control [44,45], relying on deep neural networks to capture occupant
comfort and energy interactions. Azuatalam [46] proposed a PPO controller that inte-
grates thermal comfort as a penalty to balance energy efficiency and demand response.
Asynchronous advantage actor–critic (A3C) was employed to reduce energy consumption
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while maintaining multi-zone thermal comfort [47], with comfort penalties embedded in
the reward. Deep Q-networks (DQN) [48,49] have accounted for occupant-driven factors
(e.g., behavior and indoor air quality) while minimizing energy use. Clustering-based RL
was introduced [50] to segment data for more robust training. Q-learning under model
uncertainty, aided by Bayesian-convolutional neural networks (BCNNs), was investigated
by Lork et al. [51] to refine set-point decisions while upholding comfort requirements. The
combination of MPC and RL has also been explored [52]. Nguyen et al. [53] used phasic
policy gradient (PPG), which is an actor-critic method. The reward function was designed
such that the agent is penalized for both high energy consumption and for violating the
occupant comfort temperature range. They used a conditional reward function, which only
considers comfort penalties during working hours, allowing the agent to prioritize energy
savings at other times. One of the main challenges in deep reinforcement learning (DRL)
applications is real-world deployment. To directly address this, Solinas et al. [54] utilized
Imitation Learning to solve the cold-start problem. This enabled the agent to be deployed
directly online and begin improving energy efficiency from day one, avoiding the high
costs of white-box models and the poor initial performance of standard online learning.
To enable proactive and cost-aware HVAC control, Liu et al. [55] proposed a multi-step
predictive DRL (MSP-DRL) framework. Their primary contribution is the integration of
a highly accurate weather prediction model, named GC-LSTM, directly into the decision-
making process of a DDPG agent. The GC-LSTM model was specifically designed with
a Generalized Correntropy loss function to robustly handle the non-Gaussian nature of
real-world temperature data.

Kadamala et al. [56] investigated the effectiveness of transfer learning for HVAC con-
trol. Their primary contribution is a systematic evaluation of pre-training and fine-tuning
methodology. They first trained a foundation model on a source building and then trans-
ferred its core network weights to new agents, which were fine-tuned for different target
environments. To enhance the proactivity of DRL-based HVAC controllers, Shin et al. [57]
proposed a hybrid framework named WDQN-temPER that integrates weather forecasting
directly into the learning process. Their primary contribution is twofold: first, they use a
gated recurrent unit (GRU) to predict future outdoor temperatures, which is then fed as
a state variable to a DQN agent, enabling it to make forward-looking decisions. Second,
they introduce temPER, a novel prioritized experience replay technique that gives higher
learning priority to transitions where a large change in outdoor temperature occurred.
Ding et al. [58] proposed CLUE, a model-based reinforcement learning framework. Their
approach utilizes a Gaussian process (GP) to model building dynamics, which explicitly
quantifies predictive uncertainty. To mitigate the GP’s high data requirements, they employ
a meta-kernel learning technique that pre-tunes the model on data from other buildings.
This uncertainty estimate is then used by the controller to discard unsafe action trajectories
and activate a rule-based fallback mechanism to ensure robust performance under high
model uncertainty. To enable personalized and safely deployable HVAC control, Chen
et al. [59] proposed a human-in-the-loop framework that integrates meta-learning with
model-based offline reinforcement learning. Their method first employs meta-learning
to train a thermal preference model on a diverse dataset of human feedback, allowing
for rapid adaptation to a new occupant’s subjective comfort with only a few interactions.
Concurrently, a building dynamics model is learned from a static offline dataset using
an ensemble of neural networks, where the disagreement among models serves as an
uncertainty penalty in the reward function. The key contribution is a practical control
strategy that avoids risky online exploration by constraining the agent to known, safe
operating regions, while still delivering a highly personalized thermal environment. This
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dual approach effectively decouples the challenges of fast user adaptation and safe policy
learning, presenting a viable pathway for deploying user-centric, intelligent HVAC systems.

Cui et al. [60] proposed a novel hybrid framework that synergistically combines
reinforcement learning with active disturbance rejection control (ADRC). Their core con-
tribution is the decomposition of the control problem into a main-auxiliary structure. A
twin delayed deep deterministic policy gradient (TD3) agent is designated as the main
controller, responsible for optimizing thermal comfort by managing zone-specific supply
airflows. Simultaneously, an ADRC-based auxiliary controller manages indoor air quality
by regulating the fresh air ratio, while actively estimating and compensating for system-
wide disturbances. Gehbauer et al. [61] proposed a grid-interactive RL controller that
jointly actuates electrochromic (EC) facades and HVAC using a standardized functional
mock-up interface (FMI) based co-simulation toolchain. Their distributed distributional
deterministic policy gradient agent (D4PG) consumes 4 h forecasts (weather, occupancy,
and TOU prices) to minimize combined energy and demand costs while respecting comfort,
and is pre-trained across multiple climate zones before virtual deployment. Benchmark-
ing on simple and high-fidelity Modelica emulators against MPC and heuristic baselines
showed RL achieving lower costs than heuristic control and competitive demand reduction,
while the open-source functional mock-up interface—machine learning center (FMI-MLC)
framework enables rapid interfacing with third-party simulators for practical off-site train-
ing. Xue et al. [62] proposed a hybrid multi-agent DRL controller, a genetic algorithm
multi-agent DDPG (GA–MADDPG) for multi-zone HVAC. Each zone agent sets its tem-
perature set-point; the reward combines an energy term with zone-specific PMV comfort
terms. A key idea is allocating the shared cooling energy to zones via weights and using
a genetic algorithm (GA) to optimize these weights to maximize the sum of agents’ aver-
age rewards. Li et al. [63] developed a model-free control strategy using reinforcement
learning to optimize temperature set-points. Their approach employs the PPO algorithm
to learn an adaptive policy that dynamically adjusts thermostat settings based on time-
of-use (TOU) electricity prices, occupant comfort, and environmental conditions. The
primary contribution is the integration of a policy-based RL agent with an active thermal
energy storage (ATES) system, which was validated on a high-fidelity TRNSYS-MATLAB
co-simulation platform. Yu et al. [64] introduced online comfort-constrained control via fea-
ture transfer (OCFT), a deployment-time safety wrapper for policy transfer in HVAC. OCFT
learns expressive nonlinear feature maps from source buildings and, on the target, adapts
a lightweight parametric surrogate via online set-membership updates combined with
nested convex body chasing. At each control step, a robust action filter minimally perturbs
the transferred policy’s proposal so the model-predicted next-step temperature remains
within tightened comfort bounds, with slack variables to handle temporary infeasibility
due to disturbances and actuator limits. The method further provides finite-time safety
guarantees, including an upper bound on the number of comfort violations under bounded
worst-case disturbances and, under mild stochastic assumptions, a finite stopping time
beyond which all constraints are satisfied. While OCFT provides strong safety assurances,
it assumes the availability of historical source-building data (or a surrogate model trained
on such data); if these data are unavailable or of poor quality, applicability is reduced,
and performance—particularly during initial deployment—may deteriorate. Although
these methods successfully optimize energy efficiency and maintain occupant comfort, they
require complex reward functions that encode and weigh multiple objectives. Crafting such
functions is non-trivial, as the relative importance of energy versus comfort can be subjec-
tive and difficult to quantify, often leading to a tedious tuning process [42]. Controllers
based on ADRC [60] or meta-learning [59] effectively manage disturbances and personal-
ization but still frame the problem as a multi-objective optimization. Similarly, approaches
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using PPO for demand response [63] embed comfort as a weighted penalty. This reliance
on weighting and penalties means that comfort is treated as a “soft” constraint, which
can be violated if the agent determines that doing so maximizes its cumulative reward.
While safety is a growing concern, many solutions rely on probabilistic models or offline
datasets to indirectly ensure safe operation [58,59,64]. In contrast, our approach requires no
historical data or pretraining—neither for initializing the RL agent nor for learning safety
constraints—enabling fully online deployment from scratch, without building-specific logs.
To streamline the learning process and provide stronger safety guarantees, we adopt a
safe RL approach in which the agent is only tasked with maximizing energy efficiency,
while occupant comfort constraints are enforced separately as “hard” constraints. Addi-
tionally, this data-driven approach enables neural networks to learn constraints as barrier
certificates without requiring explicit mathematical models. We thus remove the need to
encode or weight comfort in the reward function, ensuring optimal energy usage without
compromising occupant comfort. Table 1 summarizes and contrasts various safe RL and
reward weighting approaches, highlighting their distinct advantages and disadvantages
and thereby motivating our adopted safe RL method.

Table 1. Comparison of safe RL and reward weighting approaches for HVAC control.

Category Approach Pros Cons

Safe RL

CLUE [58] - Explicit uncertainty quantification via GP
- Rule-based fallback for safety
- Meta-kernel learning for efficiency
- Discards unsafe trajectories

- High data requirements for GP
- Computational complexity
- Requires data from other buildings

Human-in-the-loop
[59]

- Fast adaptation to user preferences
- Avoids risky online exploration
- Personalized thermal comfort
- Constrains to safe operating regions

- Requires diverse offline dataset
- Complex ensemble modeling
- Limited to previously seen regions

OCFT [64] - Deployment-time safety wrapper
- Finite-time safety guarantees
- Minimal-adjustment action filter
- Online set-membership adaptation

- Needs historical source-building data

This paper
(Hard Constraints)

- No reward tuning needed
- Attempts to enforce hard constraints
- Simplified learning process
- Data-driven barrier certificates

- May sacrifice some energy efficiency
- Relying on neural networks’ prediction of safety

Reward
Weighting

DDPG [44,45] - Deep networks capture complex interactions
- Continuous action space
- Well-established algorithm

- Requires careful reward weighting
- Comfort as soft constraint
- Sample inefficiency

PPO [46,63] - Stable training
- Integrates demand response
- Works with ATES systems

- Comfort as weighted penalty
- Subjective weight selection
- Potential comfort violations

A3C [47] - Multi-zone thermal comfort
- Parallel training efficiency
- Asynchronous updates

- Complex reward engineering
- Comfort penalties in reward
- Difficult multi-objective balance

DQN [48,49] - Accounts for occupant behavior
- Considers air quality
- Discrete action space

- Multiple factors to weigh
- Soft comfort constraints
- Action discretization limitations

Q-learning with
BCNNs [51]

- Handles model uncertainty
- Bayesian approach
- Refines set-point decisions

- Comfort as soft requirement
- Computational complexity
- Requires reward weighting

PPG [53] - Conditional reward function
- Context-aware (working hours)
- Dynamic prioritization

- Still requires weight tuning
- Comfort violations possible
- Complex reward structure

TD3-ADRC [60] - Separation of concerns
- Active disturbance rejection
- Specialized controllers

- Multi-objective optimization
- Complex architecture
- Controller coordination overhead

EC facade + HVAC (D4PG)
co-simulation [61]

- Joint actuation of electrochromic facades and HVAC
- Uses short-term forecasts (weather, occupancy, TOU)
- FMI-MLC co-simulation enables off-site training
- Competitive cost/demand reduction vs. baselines

- Comfort as soft, weighted penalty
- Pretraining and hyperparameter tuning overhead

GA–MADDPG (multi-agent)
zone-energy allocation [62]

- Optimizes per-zone energy weights (αi) via GA
- Multi-agent setpoint control with inter-zone coupling
- TRNSYS–MATLAB co-simulation; thermal comfort (PMV) reward
- Lower energy than MPC and plain MADDPG (meets comfort)

- Comfort as soft, weighted penalty
- GA outer loop
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3. Background and Preliminaries

A reinforcement learning problem consists of an agent and an environment in which
the agent aims to learn an optimal policy by interacting with the environment. The agent
takes an action at ∈ A, where A is the set of all possible actions, called the action space,
based on the current state st ∈ S , where S is the set of all states (observations), called
the state space, and the current policy, which is the mapping from current state to an
action π(at|st). After taking the action at, the agent receives the reward rt and the next
state st+1 according to the transition probability P(st+1|st, at) from this interaction with the
environment. The reward function is the feedback from the environment on how good or
bad the action taken by the agent was.

For a given trajectory τ = (s0, a0, . . .), the discounted return is defined as

R(τ) =
∞

∑
t=0

γtrt, (1)

where γ ∈ [0, 1) is the discount factor that determines the importance of future rewards [20].
Thus, the central RL problem can be expressed as follows:

π∗ = arg max
π

J(π) (2)

where π∗ is the optimal policy and

J(π) = Eτ∼π [R(τ)] (3)

is the expected return. Value functions measure the expected cumulative discounted
reward of taking an action in a given state and acting according to a specific policy after
that. There are two types of value functions: (i) the on-policy value function determines
the expected return starting from state s and acts according to a policy π, while (ii) the
on-policy action-value function gives the expected return of starting from state s, takes an
action a, and acts according to the policy π.

Vπ(s) = Eτ∼π [R(τ)|s0 = s] On-policy value function
Qπ(s, a) = Eτ∼π [R(τ)|s0 = s, a0 = a] On-policy action-value function

(4)

The value function and action-value function follow the Bellman principle: the value of
a state (or state–action pair) equals the immediate expected reward plus the discounted
value of subsequent states [65].

The advantage function A(s, a) measures how much better a specific action a is com-
pared to an average action that would be taken in state s under the current policy π:

Aπ(s, a) = Qπ(s, a)− Vπ(s). (5)

A positive advantage value indicates that an action a is better than the policy’s expected
performance from state s. In practice, the true advantage function Aπ(s, a) is unknown
because it depends on the true value functions Qπ and Vπ , which are typically intractable
to compute exactly. Moreover, in policy gradient methods, advantage estimates are crucial
for reducing variance while maintaining unbiased gradient estimates. Therefore, we must
estimate advantages from sampled trajectories using function approximation and empirical
returns. Consider the finite-horizon return from time t:

R̂t =
T−t−1

∑
k=0

γkrt+k, (6)
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where T is the length of the trajectory.
Monte-Carlo (MC) Estimation: The MC advantage estimator uses the empirical return:

ÂMC
t = R̂t − V(st), (7)

This estimator is unbiased but suffers from high variance due to the stochasticity of the
entire trajectory.

Temporal Difference TD(0) Estimation: The one-step TD advantage estimator
uses bootstrapping:

ÂTD(0)
t = rt + γV(st+1)− V(st). (8)

This estimator has lower variance but introduces bias through the value function approximation.
Generalized Advantage Estimation (GAE): GAE [66] provides a principled trade-off

between bias and variance:

Â =
∞
∑

l=0
(γλ)lδt+l λ ∈ [0, 1]

δt = rt + γV(st+1)− V(st)

(9)

where δt = rt +γV(st+1)−V(st) is the TD residual and λ ∈ [0, 1] controls the bias-variance
trade-off. The geometric weighting (γλ)l exponentially decays the contribution of future
TD residuals. When λ = 0, GAE reduces to TD(0); when λ = 1, it becomes equivalent to
the MC estimator. GAE’s key advantage lies in its ability to smoothly interpolate between
these extremes, allowing one to balance bias and variance.

Proximal Policy Optimization

Policy gradient methods work by directly optimizing the policy parameters θ in the di-
rection that maximizes the expected cumulative reward, J(θ). The gradient is estimated as:

∇θ J(πθ) = E
[∇θ log πθ(at|st)Âπθ (st, at)

]
(10)

where πθ(at|st) is the policy and Ât is an estimate of the advantage function. A major issue
with this approach is that a single update step can be excessively large. A large gradient
update can drastically change the policy, leading it to a “bad” region of the policy space
from which it may never recover. This makes the training process highly unstable. PPO
introduces a first-order method to constrain the policy update. Instead of a hard constraint,
PPO modifies the objective function to penalize large changes to the policy. The ratio
(Equation (11)) indicates how much more likely the new action at is under the new policy
πθ(at|st) compared to the old one πθold(at|st). PPO ensures that the ratio stays close to 1,
preventing the new policy from deviating too far from the old one. PPO uses clipping to
discourage the policy from changing aggressively.

ρ(θ) =
πθ(at|st)

πθold(at|st)
(11)

The objective function of the PPO [67] is as follows:

L(θ) = 1
|D| ∑

s,a∈D
min

(
ρ(θ)Aπθk (s, a),

clip(ρ(θ), 1 − ε, 1 + ε)Aπθk (s, a)
)

,
(12)

where ε determines the size of the trust region. If the advantage is positive, indicating a
better-than-average action, the objective is capped to prevent the agent from making an

75



Energies 2025, 18, 5313

overly large and potentially destabilizing policy change. Conversely, if the advantage is
negative for a worse-than-average action, the objective is also clipped to stop the agent
from over-reacting and making that action extremely unlikely, which could harm future
exploration. By always taking the minimum of the unclipped and clipped objectives, the
algorithm guarantees that each policy update remains within a trusted “proximal” region
around the previous policy, promoting a smooth and reliable learning process.

4. Methodology and Problem Formulation

In the following, we detail the underlying methodology of our proposal, viz., safe RL
by capitalizing on learned neural barrier certificates to eventually learn control policies that
ensure occupant comfort.

4.1. Safe Reinforcement Learning for HVAC Control

The HVAC control problem is modeled as a Markov decision process (MDP)
M = (S ,A, P, R) solved through RL. In this framework, the environment provides states
st ∈ S to the agent, consisting of continuous HVAC system variables including operative
zone temperature and occupancy st = [Tt, Ot]	, where O is either 0 or 1 (no presence
or presence of people, respectively) and T is a real number. The reward function serves
as feedback from the environment, evaluating the quality of the agent’s actions. The re-
ward function is defined as rt(st, at) = −(Ct + Et), where Ct, Et are the HVAC system
cost and energy, respectively. The agent selects an action (e.g., temperature set-points or
heat pump modulation signals) at ∈ A according to a policy π(a|s), which maps states
to actions. The objective is to find the policy that maximizes the expected cumulative
reward J(π) = E[∑∞

t=0 γtrt(st, at)]. Both the state and action spaces can be either discrete
or continuous, with further details discussed in Section 5.

While the agent aims to minimize HVAC energy consumption, it must also maintain
thermal comfort. Though comfort depends on multiple factors, including temperature,
humidity, and clothing levels [68], this study focuses primarily on indoor temperature with
respect to thermal comfort bound between 18 to 24 degrees. This constraint transforms
the RL problem into a constrained RL problem. Figure 1 illustrates the process flow for
the thermal management system control mechanism. A deep RL agent is trained to control
the HVAC system; simultaneously, a barrier certificate is trained in a data-driven manner
to prevent the agent from violating the safety constraints (thermal comfort). During early
training, safety violations occur frequently since the barrier and RL agent learn simultaneously.
As the barrier improves with more data, violations progressively decrease. The barrier
function manipulates the RL agent’s objective function by penalizing violations of occupant
comfort to advance policy improvement in the direction of safe and optimal actions.

Figure 1. Block diagram of safe RL agent for HVAC control. The PPO agent receives state st and
reward rt to decide on actions at. The data-driven safety barrier (e.g., the learned neural barrier
certificate) amends these actions at if necessary to produce safe actions asa f e

t for HVAC control.

This approach ensures that the agent’s learning is driven towards actions that maintain
occupant comfort while minimizing energy consumption, allowing us, in turn, to train an
agent specifically to minimize energy consumption while maintaining occupant comfort.
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4.2. Safe Reinforcement Learning Through Neural Barrier Certificates

Consider the dynamical system st+1 = f (st, at), where s ∈ S and a ∈ A are the
state and control input, respectively. The constraint function is defined as C(st) ≤ 0 and
we define the set of safe states as Ssa f e = {s|C(st) ≤ 0} and the set of unsafe states as
Sunsa f e = {s|C(st) > 0}, respectively; the set of initial states is defined as Sinit ⊂ S . We
assume that Sinit ⊆ Ssa f e.

Barrier certificates are mathematical constructs that define forward invariant sets
in state space. The forward invariant property of the barrier certificates can be used to
guarantee the safety of dynamical systems [27]. The function hπ : S → R is a barrier
certificate [26] of a given policy π(at|st) if it satisfies

∀ s ∈ Sinit : hπ(s) ≤ 0,

∀ s ∈ Sunsa f e : hπ(s) > 0,

∀ s ∈ S : hπ(st+1)− hπ(st) ≤ −α(hπ(st)),

(13)

where α is a strictly increasing function with α(0) = 0; typically α(hπ) = λhπ for some
0 < λ < 1. If a barrier certificate hπ exists for a system under policy π with an initial
state s0 ∈ Sinit, then the system’s trajectory remains within the safe set due to forward
invariance [27]. Since the system transition function f (·) is needed but unknown, we
approximate the barrier certificate using a neural network parameterized by Φ. The dataset
D collected from agent–environment interactions is partitioned into Dinit (initial states)
and Dunsa f e (unsafe states). The loss function of the neural network is designed to penalize
violations of the properties of the control barrier functions [26]. The safety loss corresponds
to the first property of Equation (13),

JSafe(Φ) =
1

|Dinit| ∑
s∈Dinit

max(0, hπ(s; Φ)), (14)

where Dinit is the set of initial state samples. The unsafe loss function corresponds to the
second property,

JUnsafe(Φ) =
1

|Dunsa f e| ∑
s∈Dunsa f e

max(0,−hπ(s; Φ)), (15)

where Dunsafe is the set of unsafe state samples. The invariant loss corresponds to the
forward invariant property (third property),

JInvt(Φ) =
1
|D| ∑

s,s′∈D
max(0, hπ(s′; Φ)− (1 − λ)hπ(s; Φ)), (16)

where D is the set of all state samples. The barrier loss is the sum of all three loss functions.

Jh(Φ) = JSafe(Φ) + JUnsafe(Φ) + JInvt(Φ). (17)

The parameter Φ is updated by minimizing Equation (17) using gradient descent.

4.3. Policy Learning

Barrier certificate constraints are applied to the policy optimization problem. In this
paper, the PPO is chosen to solve the optimization problem. The objective function of the
PPO [67] is Equation (12). The policy constraint is derived from the invariant property of

77



Energies 2025, 18, 5313

the barrier certificate, which ensures that the agent remains within the safe region. The
policy optimization problem then becomes

max
θ

L(θ) s.t. ρ(θ) · JInvt(Φ) ≤ 0. (18)

Importance sampling is applied since the invariant loss is computed using data from
the old policy. The optimization problem in Equation (18) can be transformed into an
unconstrained problem using the Lagrangian dual [26],

min
ν≥0

max
θ

F(ν, θ) = L(θ)− νρ(θ)JInvt(Φ). (19)

The value function is also learned by minimizing the loss function

JV =
1
|D| ∑

s∈D
(Vψ(st)− R̂t)

2, (20)

where ψ is the critic network parameter and R̂t is the estimated return.

4.4. Safety Mechanism Overview

This framework can be understood as creating an invisible boundary around com-
fortable temperature zones. The barrier certificate h(s; Φ), which is itself a neural network
with parameters Φ, learns to approximate the constraint function directly from building
operation data rather than requiring manual design of the barrier function. The param-
eterized barrier h(s; Φ) functions as a learned topographical map where negative values
indicate safe (comfortable) temperatures and positive values signal unsafe (uncomfortable)
conditions. Crucially, unlike traditional hard constraints that define fixed temperature
thresholds, h(s; Φ) learns a smooth, continuous safety landscape that adapts to the specific
thermal dynamics of each building. The learning process occurs through three comple-
mentary objectives. When the system starts at a comfortable temperature, Equation (14)
ensures h(s; Φ) ≤ 0, confirming that the barrier recognizes this as safe. As the temperature
approaches unsafe regions, Equation (15) trains h(s; Φ) to output positive values. Moreover,
Equation (16) enforces the forward invariance property, ensuring that once comfortable, the
system tends to remain comfortable. When the PPO agent proposes an action that would
lead the system toward uncomfortable temperatures, the term νρ(θ)JInvt(φ) in Equation (19)
becomes large, effectively preventing unsafe actions during policy optimization.

5. Experiments and Discussion

In this section, we present a comprehensive training and evaluation of the safe re-
inforcement learning controller through systematic testing across diverse operational
scenarios. Our experimental design aims to assess both the performance characteristics and
practical viability of the safe RL-based approach and to compare it to conventional control
strategies. The section includes: (1) experimental setup for single-zone and multi-zone
building test cases, (2) training results showing learned policies and barrier certificates,
(3) performance comparisons with PPO and RBC controllers for energy consumption and
cost, (4) safety violation analysis during training and evaluation phases, and (5) discussion
of key findings and practical implementation considerations.

5.1. Experimental Design

We evaluate our safe RL approach using two BOPTEST [29,69] test cases representing
different control complexity levels. For Experiments 1–5, we use the BESTEST Hydronic
Heat Pump scenario modeling a 192 m2 residential home with five occupants (present
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07:00–20:00 weekdays, 24 h weekends; only Experiment 5 considers occupancy state). The
RL agent observes normalized zone temperature (where T = −1 represents the lower
setpoint, T = +1 represents the upper setpoint, with valid range T ∈ (−∞,+∞)) and
controls heat pump modulation through 12 discrete levels. For Experiments 6–7, we employ
a five-zone Chicago office building with variable air volume (VAV) system, totaling 1655 m2.
The agent observes zone temperatures, internal heat gains, and outdoor temperature, with
Experiment 6 controlling AHU parameters and Experiment 7 managing core zone setpoints.
All variables are normalized to [−1, 1] for learning efficiency, with rewards based on
BOPTEST KPIs targeting energy and cost reduction [29]. Table 2 details the experimental
configurations and their mapping to research questions from Section 1.

Table 2. Experimental configurations and research question mapping.

Exp. Description Building Type Floor Area Control Variable(s) Comfort Zone RQs

1 Without pre-trained barrier; random episodes Single-zone (Brussels) 192 m2 Heat pump (12 bins) 18–21 °C RQ1, RQ2

2 Pre-trained barrier (20 episodes) Single-zone (Brussels) 192 m2 Heat pump (12 bins) 18–21 °C RQ1, RQ2

3 Training with diverse random episodes Single-zone (Brussels) 192 m2 Heat pump (12 bins) 18–21 °C RQ1, RQ2

4 Training with repeated identical episodes Single-zone (Brussels) 192 m2 Heat pump (12 bins) 18–21 °C RQ1

5 Occupancy-aware barrier adaptation Single-zone (Brussels) 192 m2 Heat pump (12 bins) 18–21 °C (occ.)
15–30 °C (unocc.)

RQ1

6 Multi-zone AHU system control 5-zone office (Chicago) Total: 1655 m2

Core: 985 m2

N/S: 208 m2 ea.
E/W: 131 m2 ea.

Supply air temp.
Duct pressure

18–24 °C RQ1

7 Multi-zone core zone control 5-zone office (Chicago) (Same as Exp. 6) Heating setpoint
Cooling setpoint

18–24 °C RQ1, RQ3

Table 3 shows all hyperparameters for the PPO agent and barrier neural network.

Table 3. Hyperparameters for our experiments. The actor and critic networks share the same
architecture parameters.

Number Of Hidden Layers 2 Size of Hidden Layers 256
Learning Rate 0.0003 GAE parameter 0.95
Policy Clip 0.2 PPO Activation Function ReLU
Barrier Activation Function tanh Lagrangian Initial Value 1
Optimizer Adam

5.2. Experimental Results

For the first experiment (Experiment 1), the length of the episode is considered to be
2 days, and episodes are randomly generated. The agent interacts with the environment
every 30 min and collects data for training. Figure 2a shows the learned policy after training
for 188 days, which indicates that the agent learned the best possible policy with respect
to the barrier certificate that is shown in Figure 2b. The trained barrier certificate clearly
distinguishes between safe and unsafe temperature regions, showing negative values
(below zero) only within the comfortable temperature range of 18–21 °C and positive values
in the unsafe regions.

Next, we investigated the impact of a pre-trained barrier certificate on the previous
experimental setup (Experiment 2). The barrier certificate was trained separately for
20 episodes. The agent successfully learned the safe policy (Figure 2c) within 150 days of
training; the corresponding learned barrier certificate is displayed in Figure 2d.
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Figure 2. End-of-training results for random 2-day episodes. Figure 2a,c show the learned policy tra-
jectories (operative temperature in °C and normalized heat pump modulation signal at). Figure 2b,d
plot the learned barrier certificate value h(s; Φ), where h ≤ 0 denotes safe states and h > 0 denotes
unsafe states. Figure 2a,b are trained without a pre-trained barrier certificate; Figure 2c,d use a
20-episode pre-trained barrier certificate. The pre-trained barrier certificate yields a less conservative
policy with small violations. (a) Learned policy (final episode) after 188 days. (b) Learned barrier
certificate after 188 days. (c) Learned policy (final episode) after 150 days. (d) Learned barrier
certificate after 150 days.

Figure 3 shows training results using 5-day episodes with different training methods:
Figure 3a,b show the agent trained on repeated identical days (Experiment 3), while
Figure 3c,d show performance with randomly generated daily conditions (Experiment 4).
The difference in using either 2- or 5-day episodes shows that in the latter case, learned
policies are less conservative in that they tend to violate the barrier more frequently to
maximize the reward.

In Experiment 5, we trained an occupancy-aware barrier certificate (pre-trained for
20 episodes) that enforces different comfort bounds: 18–21 °C during occupied hours
and 15–30 °C during unoccupied hours. Initially, the agent disregarded occupancy status
(Figure 4a), but after further training, it learned to minimize actions during occupied hours
(Figure 4b), improving energy efficiency while maintaining comfort. Figure 5 illustrates the
barrier certificates for both occupied and unoccupied states. For the next set of experiments
(6 and 7) on multi-zone test cases, the safety constraint for the agent is that the temperature
for each zone must be within the range of 18–24 °C, and the reward function is for the
agent to reduce the cost and energy. In Experiment 6, the episode duration is 15 days,
and the agent takes an action every 30 min; the learning frequency is every 1.5 days. The
agent is tasked to reduce the cost and energy consumption and keep the temperature
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within the safety constraints for all zones by controlling the pressure setpoint and supply
temperature setpoint. Figure 6 shows the learned policy during the training for the agent
and final episode of the training (Figure 6a) and one evaluation episode (Figure 6b) in this
environment. The agent managed to keep the temperature within the safe zone despite
having some violations during the final episodes of training. In the evaluation episode, the
agent had some violations but managed to keep the temperature within the safe bounds
during the episode.
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Figure 3. End-of-training results for 5-day episodes. Figure 3a: learned policy trajectories (operative
temperature in °C and normalized heat pump modulation signal at) without random episode genera-
tion; Figure 3b: corresponding learned barrier certificate value h(s; Φ) (where h ≤ 0 indicates safe
states). Figure 3c: learned policy with random episode generation; Figure 3d: corresponding barrier
certificate. Randomized episodes reduce overfitting relative to repeated-day training, at the cost of
slower convergence. (a) Learned policy (final episode) after 50 days. (b) Learned barrier certificate
after 50 days. (c) Learned policy (final episode) after 125 days. (d) Learned barrier certificate after
125 days.
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Figure 4. Training progression with an occupancy-aware barrier certificate. Figure 4a: Day 80
(partially learned policy); Figure 4b: Day 160 (converged policy). Grey bands indicate the comfort-
temperature bounds: 18–21 °C (occupied) and 15–30 °C (unoccupied). Curves show operative tem-
perature (°C) and normalized heat pump modulation signal at. (a) Learned policy after 80 days of
training. (b) Learned policy after final (160 days) episode of training.
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Figure 5. Occupancy -aware barrier after 160 training days. Figure 5a shows the learned barrier
certificate during unoccupied periods; Figure 5b shows it during occupied periods. Plots report
barrier value h(s; Φ) (where h ≤ 0 denotes safe states) versus temperature (°C). (a) Barrier certificate
for unoccupied hours (x = −1). (b) Barrier certificate for occupied hours (x = 1).
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Figure 6. Multi-zone office with 15-day episodes. Figure 6a: Final training episode showing learned
policy controlling AHU supply-air temperature setpoint (°C) and duct static-pressure setpoint (Pa).
Figure 6b: held-out evaluation episode. All zone temperatures (°C) remain within the safety band
of 18–24 °C with only minor violations. (a) Learned policy for the agent; (b) Agent evaluated in
the environment.

In the next experiment, the agent controls heating and cooling setpoints with an
extended 30-day episode duration, maintaining the same 30 min sampling interval but
with learning updates every 2 days. The objective focuses on maintaining the core zone
temperature within 18–24 °C through setpoint manipulation. Figure 7 presents the final
training episode (Figure 7a) and an evaluation episode (Figure 7b) from the multi-zone
office environment. The agent successfully maintained the designated temperature bounds
with only minor violations throughout the training episodes. Figure 8 shows the agent’s
performance under both summer and winter conditions. While the agent successfully
maintained safety bounds during cold winter periods, it violated safety constraints under
summer cooling conditions.

Our experimental evaluation progressed through a series of increasingly complex
scenarios to assess the safe RL controller’s capabilities. Initial experiments with 2-day
episodes demonstrated that the agent could learn effective control policies while respecting
temperature constraints (18–24 °C), with the barrier certificate clearly delineating safe
and unsafe regions. Notably, pre-training the barrier certificate reduced learning time
by approximately 20% (from 188 to 150 days), suggesting computational benefits for this
approach. When we extended episode lengths to 5 days, an interesting pattern emerged: the
agent developed less conservative policies, more frequently approaching barrier boundaries
to optimize rewards. This behavior was particularly pronounced when training with
randomly generated daily conditions versus repeated patterns.
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Figure 7. Multi-zone office with 30-day episodes. Figure 7a: Final training episode; Figure 7b:
Held-out evaluation episode. The agent manipulates the core zone heating and cooling setpoints to
keep the core zone temperature within the 18–24 °C safety band. (a) Learned policy for the agent;
(b) agent evaluated in the environment.

The introduction of occupancy-aware barriers marked a significant advancement in
the controller’s sophistication. By allowing relaxed temperature bounds during unoccupied
hours (15–30 °C versus 18–21 °C when occupied), we observed the agent’s ability to learn
context-dependent strategies. Initially, the agent ignored occupancy status, but through
continued training, it developed an energy-efficient policy that minimized control actions
during occupied periods while exploiting the relaxed constraints during unoccupied times.
This learning progression was successfully scaled to multi-zone buildings with 15 and
30-day episodes, where the agent managed multiple zones simultaneously while main-
taining zone-specific temperature constraints (18–24 °C) and optimizing for cost reduction.
Throughout all experiments, the 30 min control interval remained constant, providing
consistent temporal resolution for the agent’s decision-making process.

The final sets of experiments showcased the agent’s ability to perform in more complex
and real-world-like scenarios, where inter-zone thermal dynamics and multiple control
variables significantly increased the challenge. In Experiment 6, the agent successfully man-
aged a five-zone office building by controlling centralized AHU parameters, demonstrating
its capability to handle system-level control decisions that affect all zones simultaneously.
Experiment 7 explored an alternative control strategy where the agent manipulated zone-
level heating and cooling setpoints, providing more direct but localized control. These
experiments not only validated the scalability of the safe RL approach from single-zone
residential to multi-zone commercial buildings but also demonstrated its flexibility in
adapting to different control architectures.
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Figure 8. Seasonal operating conditions. Figure 8a: Cooling-dominated period with the highest
rate of comfort-constraint violations. Figure 8b: Heating-dominated period with fewer violations.
Plots show core zone temperature (°C) relative to the safety band and the agent’s setpoint (cooling
and heating) actions. (a) Agent evaluated in cooling-dominated scenario; (b) agent evaluated in
heating-dominated scenario.

5.3. Comparative Study

To enhance the robustness of the evaluation of our safe RL agent, we conducted an
additional set of comparative experiments using the configurations of experiments (7) as
outlined in Table 2, but instead, each controller was evaluated in each season of the year
to better investigate its energy and safety performance. This approach allows for more
comprehensive data collection and demonstrates stronger evidence of performance. The
safe PPO agent is compared against two baselines: (1) a PPO agent trained with reward
weighting, (2) RBC with static setpoints, as described in [70]. The RBC controller acts
as a supervisory controller for setting the set-points for local PID controllers in the test
case. PPO uses a comparable reward function to the safe RL agent but incorporates an
additional BOPTEST [29] KPI for thermal violation penalties, tuned according to [70]. This
test case was chosen for the comparative study since it enables us to investigate the agent’s
performance in both cooling and heating scenarios. Our evaluation methodology employs a
more rigorous generalization test than typical approaches in the literature. While previous
work, such as [70], evaluates agents on full annual cycles with stochastic weather variations,
we randomly sample episodes throughout the year. This approach ensures that our agent
performs well across diverse seasonal conditions rather than optimizing for average annual
performance. This evaluation strategy provides a more realistic assessment of deployment
readiness, as real-world controllers must maintain efficiency at all points during the year.

According to Table 4, PPO with barrier certificate demonstrates consistent performance
across seasons. The controller achieves a median winter consumption of 2.25 kWhm−2

(IQR: 2.15–2.40) at USD 0.21/m2 (IQR: 0.20–0.23), and spring consumption of 1.06 kWhm−2
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(IQR: 0.77–1.20) at USD 0.10/m2 (IQR: 0.07–0.11). Summer shows the highest consump-
tion among all controllers at 3.82 kWhm−2 (IQR: 3.41–3.97) costing USD 0.36/m2 (IQR:
0.32–0.37), indicating a conservative cooling strategy prioritizing comfort. Autumn perfor-
mance reaches 1.14 kWhm−2 (IQR: 0.83–1.23) at USD 0.11/m2 (IQR: 0.08–0.12), showing
competitive efficiency with relatively narrow IQRs suggesting stable control.

PPO without barrier shows more aggressive cost optimization, achieving 10% lower
summer consumption at 3.45 kWhm−2 (IQR: 3.15–3.74) costing USD 0.33/m2 (IQR:
0.29–0.35), saving USD 0.03/m2 compared to the barrier version. Winter performance
matches the barrier version at 2.25 kWhm−2 (IQR: 1.95–2.35) and USD 0.21/m2 (IQR:
0.18–0.22), though with wider variability. Spring consumption of 1.04 kWhm−2 (IQR:
0.73–1.34) shows the widest IQR span (0.61 kWhm−2), indicating higher operational uncer-
tainty. Autumn performance deteriorates to 1.28 kWhm−2 (IQR: 0.94–1.40) at USD 0.12/m2

(IQR: 0.09–0.13), representing 12% higher energy use than the barrier version. The RBC
excels in mild conditions, achieving the best spring performance at 0.79 kWhm−2 (IQR:
0.62–0.95) costing USD 0.08/m2 (IQR: 0.06–0.09), representing 24–25% energy savings and
20% cost reduction versus PPO variants. Summer performance of 3.28 kWhm−2 (IQR:
2.66–3.76) at USD 0.31/m2 (IQR: 0.25–0.35) positions it between the two PPO approaches,
though with the widest summer IQR (1.10 kWhm−2). Winter consumption of 2.31 kWhm−2

(IQR: 2.15–2.39) matches all controllers’ cost at USD 0.21/m2 (IQR: 0.20–0.23). Autumn
shows 1.29 kWhm−2 (IQR: 1.19–1.35) at USD 0.12/m2 (IQR: 0.11–0.13), with the narrowest
autumn energy IQR (0.16 kWhm−2) indicating predictable transitional season performance.
Figures 9 and 10 show the energy and cost performance of each controller in each season.

Table 4. Energy consumption and cost analysis by season.

Controller Metric
Seasonal Performance

Winter Spring Summer Autumn

PPO w/ Barrier Energy (kWhm−2) 2.25 [2.15–2.40] 1.06 [0.77–1.20] 3.82 [3.41–3.97] 1.14 [0.83–1.23]
Cost (USD/m2) 0.21 [0.20–0.23] 0.10 [0.07–0.11] 0.36 [0.32–0.37] 0.11 [0.08–0.12]

PPO w/o Barrier Energy (kWhm−2) 2.25 [1.95–2.35] 1.04 [0.73–1.34] 3.45 [3.15–3.74] 1.28 [0.94–1.40]
Cost (USD/m2) 0.21 [0.18–0.22] 0.10 [0.07–0.13] 0.33 [0.29–0.35] 0.12 [0.09–0.13]

Rule–Based Energy (kWhm−2) 2.31 [2.15–2.39] 0.79 [0.62–0.95] 3.28 [2.66–3.76] 1.29 [1.19–1.35]
Cost (USD/m2) 0.21 [0.20–0.23] 0.08 [0.06–0.09] 0.31 [0.25–0.35] 0.12 [0.11–0.13]

As for the safety performance analysis (Table 5), RBC demonstrates the best safety
compliance, maintaining 97.8% (spring) and 100% (autumn) safety rates with minimal
variability, indicating highly predictable comfort delivery. Even during challenging summer
conditions, it sustains 89.3% compliance with narrow (IQR: 89.0–89.5%), suggesting its
conservative fixed rules prioritize occupant comfort over energy savings. This aligns with
its slightly higher energy consumption but provides reliable comfort assurance.

The safe PPO shows moderate safety performance with higher variability. Spring
safety at 99.9% (IQR: 90.5–99.9%) and autumn at 99.6% (IQR: 81.3–99.6%) indicate that the
barrier function provides meaningful constraint enforcement, though the wide IQR ranges
suggest inconsistent protection across different operating conditions. The dramatic summer
degradation to 58.1% (IQR: 57.4–58.6%) reveals that even with barrier constraints, the con-
troller struggles to maintain comfort during peak cooling demands, potentially explaining
its higher summer energy consumption as it attempts to recover from constraint violations.
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Table 5. Safety performance analysis by season.

Controller
Median Safety Rate (%) [IQR: Q1–Q3]

Winter Spring Summer Autumn

Rule-Based 100.0 [100.0–100.0] 97.8 [97.4–100.0] 89.3 [89.0–89.5] 100.0 [98.7–100.0]
PPO w/ Barrier 100.0 [100.0–100.0] 99.9 [90.5–99.9] 58.1 [57.4–58.6] 99.6 [81.3–99.6]
PPO w/o Barrier 100.0 [100.0–100.0] 71.1 [60.6–85.2] 25.0 [22.2–28.1] 85.6 [59.3–100.0]

Figure 9. Direct energy consumption comparison of each controller for each season.

PPO without barrier exhibits the poorest safety performance, particularly the alarm-
ing 25.0% summer compliance (IQR: 22.2–28.1%), meaning that comfort constraints are
violated 75% of the time during peak cooling season. Spring performance shows 71.1%
compliance (IQR: 60.6–85.2%), with an IQR span of 24.6 percentage points, indicating
high variability. Autumn demonstrates even greater unpredictability at 85.6% median
compliance (IQR: 59.3–100.0%), where the 40.7 percentage point IQR span suggests perfor-
mance can range from barely acceptable (59.3%) to perfect compliance. This aggressive
optimization explains its energy savings but reveals the critical trade-off: the 10% sum-
mer energy reduction compared to barrier PPO comes at the cost of acceptable comfort
conditions. During winter, all controllers achieve perfect 100% safety compliance (IQR:
100.0–100.0%), reflecting the wider comfort bounds typical of heating seasons. This relaxed
constraint environment reveals interesting performance dynamics: the unconstrained PPO
achieves competitive energy efficiency at 2.25 kWhm−2 (matching the barrier variant),
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while the RBC consumes slightly more at 2.31 kWhm−2. The PPO-with-barrier’s identical
winter consumption to its unconstrained counterpart (2.25 kWhm−2 at USD 0.21 m−2)
suggests that winter comfort bounds are sufficiently relaxed that the barrier function
rarely activates. However, the barrier variant maintains tighter IQR bounds (2.15–2.40
vs. 1.95–2.35 kWhm−2), demonstrating more consistent control behavior. This consistency
reflects the barrier function’s design to prioritize safety assurance over energy optimization
as per Equation (18), maintaining predictable operation even when natural conditions
ensure safety. In summary, the seasonal analysis reveals critical trade-offs between energy
efficiency and occupant comfort across different weather conditions. The RBC provides
the most reliable comfort, with median safety rates ranging from 89.3% (summer) to 100%
(winter/autumn), maintaining narrow IQRs, indicating predictable performance. PPO
without barrier achieves lower energy costs but suffers from unacceptable safety perfor-
mance, particularly in the summer (25.0% compliance, IQR: 22.2–28.1%). PPO with barrier
offers a compromise with better safety than unconstrained PPO, yet still exhibits not perfect
summer safety rates of 58.1% (IQR: 57.4–58.6%), while maintaining high compliance in
other seasons (99.6–100%). Figure 11 shows the safety performance of each controller in
each season.

Figure 10. Direct cost consumption of each controller for each season.
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Figure 11. Direct safety performance of each controller for each season.

5.4. Discussion

Our experiments with safe RL for HVAC control revealed several important findings
that highlight both the potential and challenges of this approach. Figure 12 shows some
statistics from our training runs. Specifically, Figure 12b shows the number of safe and
unsafe states for the agent as gathered in the dataset. At the early stages of training, the
number of unsafe states is higher than safe states. As training continues, however, the
number of unsafe states decreases, and the safe states increase. However, the number of
unsafe states does not reach zero since we use a neural network to approximate the barrier
certificate in a model-free fashion. This approach can achieve near-zero safety violations,
but due to the approximation error, it will never be zero [71]. Figure 12a presents the
constrained loss function (cf. Equation (19)) for two agents that were trained with and
without a pre-trained barrier certificate over 10 runs, respectively. The pre-trained agent
shows higher initial loss due to the pre-training phase occurring without agent intervention.
After approximately 3000 steps, the loss rapidly converges and stabilizes at a lower value,
while the non-pre-trained approach continues to show significant oscillations. This pattern
illustrates the key advantage of pre-training: despite higher initial loss values, the pre-
trained approach achieves faster stabilization and more consistent performance once active
training begins. The pre-training produced a less conservative agent that developed a more
optimal policy than the agent without pre-training (Figure 2). This shows that pre-training
can lead to a less conservative agent that achieves a more optimal and safe policy with
fewer training steps. This finding highlights the fundamental trade-off between strict
safety adherence and performance optimization in constrained reinforcement learning. Our
results show that while static-day training achieves safety faster, agents trained on varied
days exhibit greater robustness through better generalization (cf. Figure 3).

As for the occupancy-aware control, the agent with a pre-trained barrier certificate is
trained to incorporate occupancy information, establishing different safety constraints for
occupied and unoccupied periods. During occupied hours, the safe temperature region is
set between 18–21 °C, while during unoccupied hours, this range expands to 15–30 °C. This
configuration provides greater flexibility for the agent to maximize its reward function,
as it can suspend actions during unoccupied periods and only adjust temperatures when
the space is occupied. For this scenario, we also employed a pre-trained barrier certificate.
The grey lines in Figure 4 illustrate the comfort bounds for both occupied and unoccupied
hours. Figure 4b demonstrates that the agent trained with this barrier certificate stops taking
actions immediately upon reaching unoccupied hours and maintains this inactive state until
occupancy resumes. The agent then actively works again to maintain temperatures within
the safe bounds (cf. 18–21 °C) during occupied hours by taking the appropriate actions.
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Figure 12. Averaged constrained loss function (Figure 12a) over 10 runs (with different seeds) for
the agents with and without pre-trained barrier, and cumulative number of safe vs. unsafe states
(Figure 12b) in Experiment (1). (a) Averaged constrained loss function of the agents with 95% confi-
dence interval (shaded areas). (b) Cumulative number of safe vs. unsafe states during training.

To implement the safe RL controller in a more complex scenario, we chose an environ-
ment with five thermal zones and the same goals to keep the temperature in a certain range
(18–24 °C) and minimize energy consumption. The results in Figures 6 and 7 demonstrate
that the safe RL controller successfully maintained temperatures within the specified range
while minimizing energy consumption. We evaluated different control levels in these
experiments, ranging from low-level AHU parameter adjustments to high-level setpoint
modifications. This evaluation confirms the agent’s ability to maintain safety constraints
while optimizing energy performance across varying control complexities. The final two
experiments demonstrate the agent’s capability to operate safely in complex multi-zone
environments where safety constraints are more challenging to satisfy due to increased
system dimensionality and inter-zone dependencies.

The seasonal performance analysis reveals a fundamental challenge in deploying RL
for building control: the inherent trade-off between safety guarantees and energy optimiza-
tion varies significantly across operating conditions. While the barrier function improves
safety compliance compared to unconstrained RL, it still achieves only 58.1% summer
compliance, suggesting that current barrier implementations may be insufficient for ex-
treme conditions. However, the barrier-based approach demonstrates clear potential, more
than doubling summer safety rates compared to unconstrained PPO (58.1% vs. 25.0%) and
achieving near-perfect compliance in transitional seasons (99.6% autumn, 99.9% spring),
indicating that the framework is directionally correct and could benefit from further re-
finement. During favorable conditions like winter, when all controllers naturally achieve
perfect compliance, both PPO variants show identical median consumption (2.25 kWhm−2),
but the barrier function provides notably more consistent performance, demonstrating
operational stability despite minimal safety risk. The unconstrained PPO’s severe comfort
violations during summer (25.0% compliance) demonstrate that purely reward-driven
optimization is unsuitable for safety-critical applications, despite achieving 10% energy
savings. Notably, the RBC’s superior safety performance (89.3%) and competitive effi-
ciency, particularly during mild seasons (0.79 kWhm−2 in spring), suggest that domain
knowledge encoded in simple heuristics remains valuable when conditions are predictable.
Safe RL consistently outperforms unconstrained PPO across seasons—achieving 99.6%

90



Energies 2025, 18, 5313

vs. 85.6% in autumn, 99.9% vs. 71.1% in spring, and, most critically, 58.1% vs. 25.0% in
summer—demonstrating that barrier certificates provide meaningful safety improvements
and represent a promising direction for making RL viable in real-world building control
applications. Nevertheless, the 31.2% point gap between safe RL and RBC performance
in summer (58.1% vs. 89.3%) indicates that barrier functions must evolve to incorporate
domain expertise to match the reliability of traditional control methods. In summer, the
RBC achieves both the lowest energy use (3.28 kWhm−2) and the highest median safety
(89.3%), indicating that our PPO-with-barrier controller is inferior in this regime. This
pattern reflects fundamental differences in summer cooling challenges: high solar and
conductive gains create sustained peak loads that saturate HVAC capacity, while the tight
comfort ceiling (24 °C) leaves minimal margin for reactive control. Under these conditions,
the RBC’s anticipatory scheduling and conservative deadband operation prove more effec-
tive than the safe RL agent’s boundary-seeking behavior. While the safe RL agent registers
more violations, the observed zone temperatures hover around 25 °C Figure 8a, suggesting
boundary-hugging rather than gross discomfort. The reward function inherently drives the
RL agent toward the comfort boundary to maximize energy efficiency. However, the neural
barrier’s approximation errors can lead to comfort violations during boundary-hugging
operation, where the agent operates close to constraint limits. Under thermal stress, this ap-
proximation uncertainty becomes more apparent—yet the resulting temperature deviations
remain within reasonable bounds when executed by the real system. The RBC deadband
approach naturally provides safety margins that prevent such violations and damps cycling.
These observations motivate forecast-aware margin tightening and deadband-informed
barrier design, as well as limited pre-cooling heuristics or a hybrid fallback to improve
summer robustness without sacrificing efficiency.

Table 6 summarizes our experiments by our most relevant metric, the number of safe
vs. unsafe states.

Table 6. Summary of experiments: training conditions, duration, and safety outcomes.

Experiment Ep. Samp. Description TD #Ep. (Train) S/U

(1) Without
Pre-trained Barrier 2 d 30 m No pre-trained barrier certificate, random episode

generation for a single-zone building in Brussels. 188 94 96/0

(2) Pre-trained Barrier 2 d 30 m
Pre-trained barrier certificate (20 episodes) for a
single-zone building in Brussels. Faster
convergence, less conservative.

150 75 90/6

(3) Random Episodes 5 d 1 h
Training with diverse, randomly selected episodes
for better generalization, for a single-zone building
in Brussels.

125 25 116/4

(4) Non-random
Episodes 5 d 1 h

Training with repeated identical episodes (same
day). Faster convergence but overfitting, for a
single-zone building in Brussels.

50 10 120/0

(5) Occupancy-aware 2 d 1 h

Barrier adapts to occupancy: 18–21 °C (occupied),
15–30 °C (unoccupied). Reduces actions in
unoccupied periods for a single-zone building in
Brussels.

160 80 44/4

(6) 5-zone office 15 d 30 m

Training on a longer episode and a more complex
environment with 5 zones in Chicago. The agent
controlled the supply air temperature and duct
pressure to regulate the temperature for all zones
and reduce cost and energy consumption.

1 year 24 720/0

(7) 5-zone office 30 d 30 m
The agent controlled the cooling and heating
setpoints for the core zone of a multi-zone office
situated in Chicago.

1.2 year 15 1440/0

Abbreviations: Ep.—Episode Length; Samp.—Sampling Interval; Desc.—Description; TD—Training Duration;
#Ep. (train)—total training episodes; S/U—Safe vs. Unsafe states with the learned policy during training; All
experiments used a fixed seed (12,345) to enable exact replication.
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5.5. Research Questions and Hypotheses

After thoroughly discussing our results in the previous section, we will now provide
answers to our research questions (cf. Section 1.1). In addition, we will also review how
our hypotheses (cf. Section 1.2) compare with the results of our study.

5.5.1. Answering RQ1

The experimental results demonstrate applicability across the tested building control
scenarios, including both residential and commercial settings. The approach was imple-
mented in both residential and commercial settings, scaling from a simple single-zone to a
complex five-zone office. This scalability was matched by flexibility in control architectures,
as the safe RL agent effectively managed direct equipment control through heat pump
modulation in the residential experiments (Experiments 1–5), centralized system control via
AHU supply temperature and duct pressure setpoints that affect all zones in Experiment 6,
and localized control through the core zone’s heating and cooling setpoints in Experiment 7.
Furthermore, the agent demonstrated remarkable adaptability to varying operational con-
texts, maintaining fixed comfort bounds of 18–21 °C in basic scenarios (Experiments 1–3),
implementing sophisticated occupancy-aware control with dynamic constraints, and man-
aging temperature constraints of 18–24 °C across all zones in the multi-zone building, even
when only controlling core zone setpoints or central AHU parameters. This versatility
across building types, control levels, and operational requirements suggests that safe RL
with neural barrier certificates could be a viable solution for various building automation
challenges. While these results are promising, broader validation across different building
types, climates, and HVAC systems would be needed to establish general applicability.

5.5.2. Answering RQ2

Based on our experimental findings, pre-training, episode generation strategies, and
training duration significantly influence safe RL agent performance. Pre-training the barrier
certificate for 20 episodes proved highly beneficial—despite showing higher initial loss
values (Figure 12a), pre-trained agents achieved rapid convergence and stabilization after
approximately 3000 steps, while non-pre-trained agents continued exhibiting significant
oscillations throughout training. This pre-training approach produced less conservative
agents that can drive the system to the safe set boundaries to achieve a performance
but this may lead to more safety violations (Experiments 1 and 2). The choice between
random and non-random episode generation revealed a fundamental trade-off: static-day
training achieved safety compliance faster with quicker convergence, but agents trained
on randomly generated varied days exhibited superior robustness and generalization
capabilities, making them more suitable for real-world deployment where conditions
constantly change. Regarding sampling time, our experiments revealed interesting trade-
offs in control granularity. Comparing Experiment 1 (30 min sampling) with Experiment 3
(1 h sampling), the more fine-grained control provided the agent with more data points
and greater flexibility to regulate temperature precisely. While this finer control resolution
could potentially lead to increased energy consumption due to more frequent actuator
adjustments and might create more opportunities for safety violations, the less frequent
adjustment may lead to safety violations as well due to slower response times when
temperature drifts occur. This creates a fundamental trade-off: frequent sampling allows
rapid corrections but increases the risk of over-control and oscillations that breach safety
bounds, whereas infrequent sampling reduces intervention opportunities but may fail to
respond quickly enough to disturbances.
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5.5.3. Answering RQ3

The safe RL controller with neural barrier certificates demonstrates improvements
over baseline controllers, primarily addressing the critical safety-performance trade-off
in HVAC control. Compared to unconstrained PPO, the barrier method achieves dra-
matic safety improvements—increasing summer comfort compliance from 25.0% to 58.1%
and autumn compliance from 85.6% to 99.6%, while accepting modest energy penal-
ties of 11% in summer (3.82 vs. 3.45 kWhm−2) and maintaining comparable costs
(USD 0.36 vs. USD 0.33/m2). Against the RBC, it trades some reliability for adaptabil-
ity, achieving competitive winter efficiency (2.25 vs. 2.31 kWhm−2) but falling short in
spring performance (1.06 vs. 0.79 kWhm−2) and average safety consistency across all sea-
sons (89.4% vs. 96.8%). The barrier approach essentially redefines the performance frontier:
rather than universally dominating existing methods, it occupies a crucial middle ground
that makes learning-based control deployable by preventing catastrophic comfort violations
(avoiding the unacceptable 25% summer safety of unconstrained PPO) while preserving
85–90% of potential energy savings. This positions safe RL with barrier certificates as a
practical bridge between the reliability of RBC and the optimization potential of uncon-
strained learning, making it particularly valuable for real-world applications where both
efficiency and guaranteed comfort are non-negotiable requirements.

5.5.4. Comparison of Hypotheses and Findings

Our experimental results supported H1 and allowed us to reject the null hypothesis
H0. The safe RL agent achieved competitive energy performance, demonstrating efficiency
comparable to the RBC across most seasons, with particularly strong performance in au-
tumn while showing some limitations in spring operations. Overall energy costs remained
within competitive ranges throughout the year. In terms of safety performance, the safe
RL agent achieved substantially better results than standard PPO across all seasons, with
the most dramatic improvements observed during summer, when unconstrained PPO ex-
hibited catastrophic comfort violations. While not matching the near-perfect safety record
of RBC, the barrier certificates effectively enforced comfort constraints and prevented
the severe violations observed in unconstrained learning. We reject H0 and accept H1
with the clarification that safe RL achieves safety performance significantly better than
standard PPO while maintaining energy efficiency comparable to RBC, successfully posi-
tioning itself as a viable middle ground between aggressive optimization and conservative
rule-based approaches.

5.6. Key Findings and Lessons Learned

Our research demonstrates that safe RL capitalizing on neural barrier certificates can
be effectively implemented for HVAC control applications. One critical insight gained
concerns the exploration trade-off: if an agent explores insufficiently, it typically results
in overly conservative behavior that prioritizes safety at the expense of energy efficiency.
Conversely, excessive exploration can produce an agent with aggressive behavior focused
primarily on reward minimization. In our pre-trained agent implementation, we observed
less conservative behavior due to the initial pre-training phase, but allowing this agent
to explore the action space too extensively led to safety constraint violations. While our
approach achieved near-zero violations during evaluation, we found that violations can
never be completely eliminated due to inherent approximation errors in neural barrier
certificates. This limitation highlights the practical challenges in providing absolute safety
guarantees when using neural networks to implement safety constraints. Additionally, our
occupancy-aware safe RL agent successfully maintained different thermal comfort bounds
based on occupancy status, demonstrating that incorporating contextual information can
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significantly improve agent behavior. This contextual awareness enables more differen-
tiated control strategies that minimize energy efficiency during unoccupied periods and
maintain thermal comfort during occupied periods while optimizing energy consumption
at the same time.

Our comparative analysis revealed several critical insights about safe RL deploy-
ment in HVAC control. First, seasonal variations fundamentally alter the performance
landscape—while RBCs excel during mild spring conditions due to well-tuned fixed param-
eters, learning-based approaches demonstrate clear advantages during transitional seasons
where adaptive behavior is crucial. The barrier certificate approach proved more effective
than reward shaping alone, preventing the catastrophic comfort violations that plague
unconstrained PPO, particularly during extreme summer conditions where standard RL
completely fails to maintain acceptable comfort. Conversely, winter conditions revealed
the opposite dynamic—all controllers achieved perfect safety compliance due to wider
comfort bounds typical of heating seasons, exposing the barrier function’s stabilizing effect
rather than conservatism. During these cold months, both PPO variants achieved similar
energy consumption, but the unconstrained PPO exhibited higher variability and less
predictable control behavior when exploiting its unrestricted action space, while the barrier-
constrained variant maintained tighter operational bounds through its safety-first approach.
This seasonal asymmetry highlights that agents trained with hard constraints inherently
operate more consistently than their unconstrained counterparts, prioritizing operational
stability and guaranteed safety compliance over aggressive optimization strategies even
when environmental conditions pose minimal risk. However, our results also exposed the
limitations of neural barrier approximations, which cannot match the near-perfect safety
guarantees of rule-based systems whose strict, hardcoded rules ensure consistent comfort
delivery, though at the expense of adaptability. However, the model-free nature of our
barrier-based approach offers significant practical advantages, requiring no explicit system
models or manual tuning while maintaining the ability to learn and adapt to building-
specific dynamics, suggesting that achieving both the learnability of RL agents and the
absolute safety of deterministic controllers remains an open challenge.

Table 6 highlights the effect of different training settings, with an emphasis on training
length and the number of safe vs. risky states encountered. The results show that pre-
training the barrier certificate (Experiment 2) increases convergence speed and decreases
dangerous conditions as compared to training without it (Experiment 1). Randomly pro-
duced episodes (Experiment 3) increase generalization but result in more safety violations
than repeated episodes (Experiment 4), which have faster convergence but are prone to
overfitting. The occupancy-aware approach (Experiment 5) adapts successfully to vari-
ous comfort restrictions, decreasing energy consumption and needless control operations.
These results highlight the trade-off between exploration, safety adherence, and policy
optimization in safe RL. In the final sets of experiments (6 and 7), we show that the agent
can be used in more complex environments. Moreover, the comparative study showcased
the effectiveness of the agent compared to baseline controllers.

5.7. Practical Implications

This paper addresses the critical building management challenge of ensuring occupant
comfort while minimizing energy consumption. Our approach implements safe RL using
neural barrier certificates, which fundamentally reframes the control problem—comfort
requirements become explicit hard constraints rather than weighted reward components,
eliminating the complex tuning process that plagues traditional RL deployments [21,24].
For practitioners, this means a more principled and interpretable control strategy that
learns building-specific dynamics directly from operational data, adapting to seasonal
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variations and occupancy patterns without requiring mathematical models. The barrier
approach substantially improves upon unconstrained learning by preventing catastrophic
comfort violations, though our results reveal important limitations: the method requires
significant training data and computational resources, and neural approximation errors
prevent absolute safety guarantees, achieving 58.1–100% comfort compliance depending
on seasonal conditions. Despite these constraints, the approach offers a viable pathway
toward deployable learning-based HVAC control, particularly in applications where the
balance between automation benefits and occasional comfort deviations is acceptable.

Additionally, this work demonstrated the applicability of safe RL across different
control complexities, from system-level AHU control to zone-specific setpoint manage-
ment. Our findings showcase the practical flexibility of the safe RL approach in real-world
building automation systems. The agent successfully managed both centralized AHU pa-
rameters that affect all zones simultaneously, demonstrating the capability for system-wide
optimization, and localized heating and cooling setpoints for individual zones, showing
effectiveness in zone-level control strategies. This flexibility allows building operators to
deploy safe RL at different control hierarchies depending on their existing infrastructure.

Building characteristics and sensor quality influence performance, potentially requir-
ing facility-specific calibration. While the study results emphasize the energy benefits of
implementing the learning system in a legacy building, the effectiveness of using RL for
newly constructed, highly energy-efficient buildings still needs to be tested and quantified.
Thermal insulation, thermal bridge-free construction, ventilation with heat recovery, and
airtightness significantly reduce the heat demand of a building and cause longer time
constants that require longer episodes for training. For this reason, future work will vary
the length of the episodes and evaluate them as a function of different building energy effi-
ciency standards. With improved building envelopes, ensuring summer comfort through
shading becomes more important. The learning system could therefore be adapted to
other trades.

From a deployment perspective, these summer results indicate that barrier-based
RL, while promising, requires further development before matching traditional control
reliability in extreme conditions. The 31 percentage point safety gap suggests that current
barrier methods may be suitable for moderate climates or as auxiliary controllers but not
yet as standalone replacements for rule-based systems in challenging thermal conditions.

Although there is significant potential for energy optimization and comfort main-
tenance, practical deployment considerations must be carefully addressed. Integrating
neural network-based controllers with existing building management systems might be
challenging due to limited interfaces and processing capability. Implementing edge com-
puting to process sensor data and execute trained policies locally may incur additional
hardware costs beyond initial training fees. Building operators may need a transition
time with human oversight to check the system’s judgments before complete automa-
tion, potentially requiring dual-control systems throughout installation. When comparing
the cost of implementation to predicted energy savings, organizations should consider
integration requirements, staff training, and any disruptions during installation. Our
study aims to improve energy efficiency and occupant comfort by modernizing outdated
building infrastructure using data-driven methods. Our technique provides non-invasive
energy-efficiency enhancements and ensures a high level of comfort.

Despite the promising results of our safe RL controller, it is crucial to acknowledge
that building hull design remains a fundamental determinant of energy performance.
The building envelope establishes the inherent energy efficiency potential that no control
system can transcend. These architectural elements are primarily optimized during the
design and construction phases, creating the baseline thermal dynamics within which
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any control system must operate. Our work is thus complementary to good building
design: while the hull determines the fundamental energy demand characteristics, our
intelligent control approach addresses the last mile of optimization–ensuring that whatever
efficiency potential the building possesses is fully realized through adaptive, occupancy-
aware control strategies.

6. Conclusions

This work demonstrated that safe RL effectively transforms multi-objective HVAC
control into a single-objective problem with safety constraints, achieving near-perfect ther-
mal comfort compliance while optimizing energy consumption without complex reward
functions. Our neural barrier certificate provides a data-driven method to enforce comfort
constraints without explicit thermal modeling through data collection. Through compre-
hensive experimental evaluation, we successfully addressed all three research questions
posed in this study. Our findings demonstrated the broad applicability and effectiveness
of safe RL with neural barrier certificates across diverse building control scenarios (RQ1),
revealed the impact of pre-training and episode generation strategies on agent performance
(RQ2), and confirmed that safe RL achieves competitive performance compared to estab-
lished baseline controllers (RQ3). These results enabled us to reject the null hypothesis
and validate our approach as a viable alternative for building climate control. Our work
delivers four key contributions to the field: we demonstrated the applicability of safe RL
with neural barrier certificates in building control, validating its effectiveness for handling
thermal comfort constraints while optimizing energy consumption across both residential
and commercial buildings. We provided empirical evidence of the method’s performance
across multiple BOPTEST test cases, different control levels (from direct equipment control
to AHU parameters), and varying episode lengths and learning intervals. Our experiments
showed that pre-trained barrier functions improve learning efficiency and produce less
conservative policies compared to non-pretrained approaches. We established that safe
RL occupies a middle ground in the control landscape, accepting modest energy penalties
compared to unconstrained PPO and RBCs in exchange for dramatically improved safety
over standard RL, though still falling short of rule-based safety performance.

Our experiments revealed that pre-trained barrier certificates can achieve better per-
formance while maintaining the comfort bounds, though violations cannot be reduced to
zero due to the neural barrier certificate’s inherent approximation error. Additionally, our
occupancy-aware framework dynamically adjusts comfort constraints based on building
occupancy, demonstrating better energy savings while maintaining comfort during occu-
pied periods. Moreover, our experiments on complex multi-zone scenarios demonstrated
that the agent is capable of handling complex environments while achieving acceptable
safety performance. Through comparative study, the agent traded energy efficiency for im-
proved safety compliance compared to unconstrained RL, achieving this balance through a
model-free approach without requiring explicit system models, though safety performance
still lags behind traditional RBC. Across seasons, the comparative results show that in
winter—when all controllers satisfy comfort—the barrier-PPO and PPO exhibit identical me-
dian energy (2.25 kWhm−2), with the barrier variant offering steadier operation; in spring
and autumn, the safe agent achieves near-perfect compliance (99.9%/99.6%) while uncon-
strained PPO falls short (71.1%/85.6%); and in summer, while unconstrained PPO uses
10% less energy, its 25.0% compliance renders it impractical; barrier-PPO raises safety to
58.1% but still trails RBC, which achieves both superior safety (89.3%) and energy efficiency.
These outcomes suggest that safety-aware RL is a promising middle ground—delivering
substantial safety gains over unconstrained RL with competitive efficiency—while further
refinement is needed to match rule-based reliability under extreme conditions.
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These contributions address key challenges in sustainable building management by
enforcing comfort as a hard constraint while optimizing for energy efficiency. This ap-
proach has direct applications in intelligent building management systems where occupant
preferences vary over time. While we focused on HVAC control, future research should
address additional dimensions such as lighting and plumbing (e.g., hot water) while consid-
ering broader and potentially adaptive safety aspects. Additionally, extending the barrier
certificate framework to handle multi-modal comfort preferences and incorporating human
feedback mechanisms could make these systems more responsive to actual occupant needs
while maintaining energy efficiency goals. Despite promising results and achieving accept-
able performance, safe RL in building domain still requires more advancements in sample
efficiency, robustness, and computational efficiency before becoming widely applicable in
real-world building management systems.
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Abstract

Thermally activated building systems (TABS) rely on high thermal mass materials, such
as concrete, which perform well thermally but have a high carbon footprint. This study
systematically investigates the thermal behavior of bio-based materials—spruce, pine,
beech, and oak—in TABS using numerical simulations, comparing them with conventional
and hybrid materials like concrete and clay. A total of 120 variants were simulated with
different pipe diameters, spacing, embedment depths, and inlet temperatures. Thermal
properties, particularly thermal conductivity and specific heat capacity, significantly in-
fluenced component activation efficiency. Concrete exhibited a characteristic cooling time
of 71 h at an inlet temperature of 26 ◦C (pipe diameter 16 mm), while pine reached 80 h
under the same conditions. The use of capillary tube mats extended the cooling times to
75 h for concrete and 92 h for pine. Although concrete provides the best thermal perfor-
mance, certain bio-based materials achieve comparable results under optimized conditions.
Hybrid systems with mineral components offer additional potential for improvement.
These findings demonstrate that ecologically sustainable component activation using bio-
based materials is feasible with only moderate efficiency losses compared to mineral-based
systems, provided system parameters are appropriately adapted.

Keywords: embedded pipes; TABS; load shifting; thermal storage capacity; numeric
simulation; bio-based materials; timber; building mass; radiant heating systems

1. Introduction

In recent years, thermally activated building systems (TABS) have emerged as a
promising concept for efficiently providing heating and cooling energy to buildings. The
thermal mass of building components, such as ceilings and walls, is utilized to regulate
room temperature by incorporating water-carrying pipes into these components. This
not only enables uniform temperature control but also opens up the potential for shifting
thermal loads—an increasingly important aspect, particularly in the context of renewable
energies and fluctuating electricity generation [1,2].

A key feature of TABS is the high thermal mass and thus the ability of the component to
store thermal energy over extended periods and release it with a time delay. This property
can be exploited to shift energy consumption from periods of high demand to periods of
surplus (‘load shifting’)—for instance, when using solar power or with a tariff-dependent
electricity supply.

Energies 2025, 18, 5691 https://doi.org/10.3390/en18215691
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The majority of research into TABS to date has focused on conventional mineral
building materials, such as concrete and masonry. Whilst these materials are ideal for
thermal activation due to their high density, thermal conductivity and heat storage capacity,
their carbon footprint is, compared to wood or similar bio-based materials, considerably
larger [3,4]. With the increase in efficiency during the operational phase of the building
and subsequent lower CO2 emissions during the building’s use, the embodied energy of
constructing the building becomes ever more important [5,6].

Romani et al. [7] conducted a comprehensive literature review that classifies different
types of construction of TABS, especially those with pipes embedded in ceilings or floors,
and systematically describes different simulation methods, control strategies, and results
from parametric studies. However, the focus is almost exclusively on concrete and masonry
constructions.

In addition, Villar-Ramos et al. conducted a systematic literature review, with a
particular focus on the potential of TABS to enhance thermal comfort and reduce final
energy consumption. The studies published between 2015 and 2022 concentrated on the
integration of TABS in various building components (roof, wall, floor, building envelope)
and their combination with complementary technologies such as solar collectors, phase
change materials or heat pumps. The findings indicate that the implementation of TABS
technology can lead to a substantial reduction in indoor air temperature, with potential
energy savings of up to 50% being realized [8].

The energy performance of external walls has been improved by investigating wall
structures with integrated pipe systems. Several studies have shown that integrating
pipework into concrete walls can improve the insulation effect [9–13]. Other studies
have focused on concepts for shifting thermal energy within the building envelope. For
example, solar heat gains can be transferred from south-facing façades to cooler north-facing
façades [14–16]. While these approaches demonstrate the potential of TABS beyond classic
floor or ceiling systems, the materials used in these studies are all mineral-based [17–26].

In addition, the influence of different pipe geometries on thermal behavior was inves-
tigated. Studies show that capillary tube mats installed close to the surface have a faster
reaction time, enable more homogeneous heat distribution, and can be operated at lower
inlet temperatures [27]. A further study compared six different panel types in order to
identify the optimum combination of heat transfer performance and material efficiency in
lightweight ceiling modules with capillary tubes [28].

Another relevant aspect is the influence of the surface material. For instance, a study
by Rodríguez Jara et al. [29] demonstrates that, under certain climatic conditions, wood
can attain surface temperatures comparable to granite, despite having significantly inferior
thermal properties. These results are particularly important given the increasing demand
for sustainable materials.

In response to growing ecological concerns related to CO2-intense materials such as
cement and concrete, bio-based building materials such as wood and bamboo are becoming
increasingly popular. These materials are considered promising alternatives to concrete
thanks to their high load-bearing capacity, lower carbon footprint, the potential for regional
sourcing, and their relatively low environmental impact during production and disposal.
However, from a thermal engineering perspective, they pose challenges as they generally
have lower thermal conductivity and heat capacity. Some initial scientific research has
already addressed this issue: for example, Bishara et al. [30] experimentally investigated
different types of heating pipe installation in wooden components and analyzed their effect
on heat distribution. Heidenthaler et al. [31] carried out numerical simulations comparing
different types of wood, embedment depths and inlet temperatures with concrete references.
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The results show that, under certain boundary conditions, timber components can have a
high thermal activation potential.

In addition to water-based systems, the transmission properties of alternative media
have recently been investigated. In a study by Mindrup [32], an air-based wall module
with integrated microchannels was investigated. Activation takes place through a hot air
flow, which could be of particular interest for lightweight construction systems but which
poses other challenges in terms of control behavior, efficiency and comfort.

Despite these developments, research into bio-based materials for thermal component
activation is still in its infancy. In particular, systematic comparisons of different types of
wood and other bio-based materials, such as bamboo, under practical boundary conditions
are lacking. The thermal storage potential of these materials in the context of load shifting
and system inertia has not yet been adequately analyzed. Hybrid material approaches,
which could combine ecological advantages with improved heat conduction, have also not
yet been extensively analyzed.

This work aims to systematically investigate the thermal behavior of bio-based ma-
terials in component activation systems. Various influencing factors, including material
selection, pipe spacing, embedding depth, inlet temperature and heat storage capacity,
are analyzed using numerical simulations. The focus is on the potential for thermal load
shifting, paying particular attention to the suitability of bio-based materials such as wood
(e.g., spruce, pine, beech and oak) as well as bamboo.

The results will demonstrate, in an initially solely simulation-based step, the extent to
which bio-based building materials can potentially substitute mineral-based components
without significant thermal component activation efficiency losses. Additionally, this
study will examine the functional advantages that hybrid material combinations offer over
homogeneous materials.

2. Methodology

The following methodology was applied to systematically investigate the thermal
behavior of the various materials and systems. In this initial analysis, the focus is on floor
slabs, as ceilings are the most commonly used building components for thermally activated
building systems [7,20]. Firstly, the slab structure is described, followed by an overview of
the simulation tool and the parameters that were varied during the investigation. Finally,
the assessment and evaluation parameters are presented in detail.

The thermal simulations were carried out using a parametric approach with the
Delphin 6 software. Delphin is a hygrothermal simulation tool developed by the Chair
of Building Climatology (IBK) at the Technical University of Dresden [33]. It enables the
detailed analysis of coupled heat and moisture transport processes in building components
under realistic climatic conditions.

As this study focuses particularly on analyzing different types of wood, a solid timber
ceiling construction was chosen as initial geometry. This consists of a 16 cm-thick wooden
layer. Above this are layers of backfill (10 cm), insulation (3 cm) and screed (7 cm). The
pipes are embedded in the wooden layer. This layer structure is also shown schematically
in Figure 1.

Several parameters were systematically varied as part of the simulation in order to
analyze their influence on the thermal performance of the structure. All 120 cases were
carried out as independent simulations without optimization algorithms. The applied
methodology is generalizable, as the parametric framework in Delphin 6 allows the varia-
tion in arbitrary material properties, geometries, and boundary conditions. This makes the
approach transferable to a wide range of construction types and operating scenarios. The
parameters analyzed include and can be found in Figure 2.
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Figure 1. Cross-section of the two ceilings. Left with a pipe with a diameter of 16 mm and a pipe
spacing of 15 cm. Right with capillary tubes (diameter 4.3 mm) and 1 cm pipe spacing.

• Pipe diameter and pipe spacing: These two parameters were considered together as
they significantly affect heat distribution and release in the component.

• Embedding depth: The vertical position of the pipes within the wood layer was varied
to analyze the effect of different heat conduction paths on surface temperature and
heat transfer efficiency.

• Inlet temperature of the heating medium: Two different inlet temperatures were used
to evaluate thermal behavior in various operating scenarios.

• Use of different building materials: Concrete was used as the reference material.
Additionally, four types of wood, a grass-based material, and four hybrid variants
combining concrete or clay were analyzed to record differences in thermal performance
dependent on the material used.

• The simulation followed a structured workflow, as illustrated in Figure 3. Starting
from the research objective, the geometry of the slab layers was set up, and material
properties were assigned. The parameters were systematically defined for each sim-
ulation case. Thermal simulations in Delphin 6 included both stationary analyses
(temperature distributions) and transient analyses (heat storage capacity). Evalua-
tion focused on surface temperatures, temperatures between the pipes and heat flux.
Finally, the results were compared and discussed to highlight differences between
bio-based and mineral materials and identify the most influential factors.

• Notably, interdependencies exist among the studied parameters: pipe diameter and
spacing jointly influence heat distribution; embedding depth interacts with the ther-
mal conductivity of the material, affecting heat conduction pathways; and material
selection modifies temperature distribution in combination with pipe parameters and
inlet temperature of the water. By systematically combining these parameters and

104



Energies 2025, 18, 5691

analyzing their interactions, a comprehensive understanding of the factors affecting
the thermal performance of the investigated ceiling variants was achieved.

E6 E3 E1 16 x 2 mm 4.3 x 0.8 mm Low Medium
6 cm 3 cm 1 cm 15 cm 1 cm 26 °C 35 °C

Embedding depth
Pipe outher diameter x wall 

thickness & pipe spacing Water temperature

Figure 2. Overview of all parameters which were varied.

Figure 3. Workflow of the parametric simulation.

2.1. Pipe Diameter and Pipe Spacing

As part of the analysis of variation in pipe diameter and spacing, two different types
of pipes were examined. One type was a conventional plastic pipe with an outer diameter
of 16 mm and a wall thickness of 2 mm. This type of pipe is typically used in thermally
activated component systems. The associated spacing of 15 cm corresponds to the standard
dimension for this pipe size. Secondly, a capillary tube system was considered. For the
simulation, an outer diameter of 4.3 mm and a wall thickness of 0.8 mm were assumed. In
this case, the pipe spacing is 1 cm, which corresponds to the standard grid dimension for
capillary systems. A major advantage of capillary tubes is their finer distribution, resulting
in a more even heat transfer to the surrounding materials. Consequently, a more uniform
surface temperature can be achieved, enabling lower inlet temperatures to be selected [27].
This is achieved by the increased pipe surface area resulting from the narrower pipe spacing.
The modeling aspect of the heat transfer of the pipe will be explained in later in the section
on boundary conditions.

2.2. Embedding Depth

Three different depths were defined in order to analyze the embedding depth of the
pipes: 6 cm, 3 cm and 1 cm. These were measured from the ceiling surface to the bottom
edge of the pipe. These embedding depths were selected to model different concepts of
thermal component activation. A depth of 1 cm represents activation close to the surface,
which has the potential for a faster thermal reaction. The 6 cm embedding depth, on
the other hand, is oriented towards classic systems with greater thermal inertia. The
3 cm variant is intended as an intermediate solution, offering a balance between reaction
behavior and heat storage.
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2.3. Inlet Temperature

As part of the investigation into the inlet temperature, the inlet temperature of the
heating medium was varied. Two characteristic values were defined for this purpose: 26 ◦C
and 35 ◦C. This variation was intended to analyze the influence of different temperature
levels on the energy required to activate the component, as well as its suitability as a surface
heating system. The lower temperature of 26 ◦C represents a scenario with minimal energy
consumption, while the higher temperature of 35 ◦C represents operation under more
conventional conditions, such as with underfloor heating. While this case focuses on a
ceiling, the question arises as to whether a higher inlet temperature could be beneficial,
particularly for wooden structures. This is because wood has a significantly lower thermal
conductivity than concrete, which can affect the efficiency of heat transfer. By comparing
the two temperature levels, it can be assessed whether increasing the inlet temperature in
timber systems leads to a significant improvement in thermal performance.

2.4. Materials

In the simulation, concrete serves as the baseline, representing the reference case for
comparing the different material variants, as this is the material currently most commonly
used for TABS [20]. The analysis focuses on two softwoods (spruce and pine), two hard-
woods (beech and oak), and bamboo, which is a grass-based material. Spruce, pine, beech
and oak were used from the material database of Delphin and analyzed by the laboratory
of the IBK [33]. For the bamboo the materials parameters were used from an experimental
analysis by Fraunhofer IBP [34]. These five materials were specifically selected because
they differ significantly in terms of their thermal properties, such as thermal conductivity,
and their bulk density. This is intended to cover a broad spectrum of possible heat transfer
behaviors within wood and other natural materials. Additionally, four hybrid variants
are analyzed, combining either concrete or clay with spruce or beech. In these hybrid
structures, the pipe is embedded in the mineral layer (concrete or clay) with a 5 mm sym-
metrical overlap at the top and bottom. The basic idea behind these hybrid variants is to
investigate whether a material with a higher thermal conductivity than wood can improve
heat distribution in the building component. The aim is to thermally activate a larger
surface area, and therefore a larger mass, of the component. So far, the integration of such a
layer has only been conceived theoretically. Further studies would be required to examine
the practical implementation and physical and structural feasibility. An overview of the
thermal properties is provided in Figure 4. Additionally, Figure 1 shows the homogeneous
and hybrid variants schematically.

2.5. Boundary Conditions

The boundary conditions at the top and bottom edges of the component in question are
defined as a constant temperature of 20 ◦C. This serves as an assumed room temperature,
representing an idealized thermal effect on the surface. The lateral edges are adiabatic,
meaning there is no heat transfer via these sides. The pipes are arranged symmetrically
around the component geometry, meaning the adiabatic edges act as axes of symmetry.
This reduces the calculation area required for modeling.
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Figure 4. Overview of the (thermal) properties used in the simulations. For concrete, clay, spruce,
pine, beech and oak are the parameters of the Material Database of Delphin [33] used. For bamboo
the parameters were set based on an experimental analysis by Fraunhofer IBP [34].

In the simulation, the pipes are modeled as square cross-sections. The edge length
of these squares corresponds to the outer diameter of the real pipes. The convective heat
transfer boundary condition integrated in Delphin is used to model pipes with flowing
fluid. Therefore, the adaptive model with inlet temperature is used in Delphin. A detailed
description of how the heat transfer coefficient is calculated can be found in the publication
by Weiß et al. [35].

Both models analyzed use a PE pipe with a thermal conductivity of 0.4 W/(m·K). The
flow velocity of the water is 0.5 m/s. The corresponding mass flow was then determined
based on the respective pipe cross-section.

2.6. Evaluation Parameters

The following measured variables are analyzed in the steady state:

• the temperature at the surface directly beneath the pipe
• the temperature at the center of the surface between two pipes
• the temperature at the center of the component between two pipes.

This analysis aims to investigate how the embedding depth of the pipework influ-
ences the resulting surface temperature. Additionally, the impact of pipe spacing on heat
distribution uniformity is evaluated. Based on these findings, conclusions can be drawn
about the extent to which the thermal mass of the component is activated.

In addition to the stationary observation, a dynamic load case was simulated to
analyze the thermal storage behavior of the components. Once the system had reached
steady state, it was kept in equilibrium for a defined period to ensure a stable starting point.
The mass flow of the heating medium was then reduced to zero to prevent any further heat
being introduced by forced convection. Subsequent cooling then took place exclusively
through heat conduction within the component.

The heat conduction flux on the component surface can be used to track temperature
development over time and estimate the system’s cooling down time.

3. Results

The results show that the analyzed parameters significantly influence the performance
of the thermal system. The effects are illustrated by analyzing the individual parameters
separately below.
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Ten material variants were analyzed as part of the investigation, including homoge-
neous building materials such as concrete, spruce, pine, oak, beech and bamboo, as well
as hybrid combinations with clay and concrete. It was found that most of the materials,
particularly pine, oak, beech and the hybrid combinations, had very similar values with
regard to the relevant thermal parameters (e.g., surface temperature and temperature
distribution). The differences were typically in the range of 0.45 K to 2.1 K for the bio-based
materials, resulting in only minor deviations from the reference or extreme values.

For clarity and to maximize the informative value, the presented results focus on
characteristic cases, i.e., the material with the best and worst performance, the most efficient
bio-based material and the most efficient hybrid material, as well as a comparison with
conventional concrete.

3.1. Influence of the Material Used

The material analysis is based on a model with an embedment depth of 6 cm, an
outer pipe diameter of 16 mm and a water temperature of 35 ◦C. Figure 5 also shows
the parameters used. The surface temperature directly below the pipe is used as the
reference value.

E6 E3 E1 16 x 2 mm 4.3 x 0.8 mm Low Medium
6 cm 3 cm 1 cm 15 cm 1 cm 26 °C 35 °C

Embedd ing depth
Pipe outher diameter x wall

thickness& pipe spacing Water temperature

Figure 5. Used parameters (highlighted) for analyzing the influence of the material.

The highest temperature was measured in the concrete base material at 29.31 ◦C.
Spruce had the lowest temperature, at 21.99 ◦C. Among the homogeneous, bio-based mate-
rials, bamboo showed the highest temperature of 23.22 ◦C. Among the hybrid variants, the
combination of beech and concrete achieved 23.79 ◦C, closely followed by beech and loam
at 23.51 ◦C. Depending on the material, the temperature difference interval was between
5.52 K and 7.32 K. The corresponding temperature distributions are shown in Figure 6. This
clearly demonstrates the impact of the materials’ varying thermal conductivities.

Figure 6. Temperature distribution at the surface under the pipe of the different materials used with
an inlet temperature of the water with 35 ◦C, embedded depth of the pipe of 6 cm and a pipe diameter
of 16 mm.

The corresponding thermal conductivities were summarized in Figure 4. Con-
crete had the highest thermal conductivity (2.1 W/(m·K)), while spruce had the lowest
(0.112 W/(m·K)). Bamboo tops the list of bio-based materials with a value of 0.209 W/(m·K).
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3.2. Influence of Pipe Size and Spacing

Models with an embedment depth of 3 cm and a water temperature of 26 ◦C were
analyzed to evaluate the pipe size and spacing. Figure 7 also shows the parameters used.
Evaluations were carried out at two positions: in the center between pipes at the same
height, and at the surface below.

E6 E3 E1 16 x 2 mm 4.3 x 0.8 mm Low Medium
6 cm 3 cm 1 cm 15 cm 1 cm 26°C 35°C

Embedd ing depth
Pipe outher diameter x wall

thickness& pipe spacing Water temperature

Figure 7. Used parameters (highlighted) for analyzing the influence of the pipe size and pipe spacing.

At the center between the pipes, the temperature spread was 1.84 K at a distance of
15 cm (pipe diameter: 16 mm). With a minimum pipe spacing of 1 cm (capillary tubes), this
decreased to 0.19 K.

Temperatures in the center between the pipes varied depending on the material. In
the 16 mm pipe system, the spruce model showed the lowest value of 22.36 ◦C and the
spruce-concrete hybrid model showed the highest value of 24.73 ◦C. Concrete itself reached
24.2 ◦C and bamboo 22.74 ◦C. The temperatures can be seen in Figure 8. Further, Figure 9
shows the temperature distribution in the components for all the different materials used
with a pipe diameter of 16 mm.

Figure 8. Temperature distribution between the pipes of the different materials used with an inlet
temperature of the water with 26 ◦C, embedded depth of the pipe of 3 cm and a pipe diameter of
16 mm and 4.3 mm.

The temperature for the capillary tubes in concrete was 25.74 ◦C. Spruce and bamboo
were almost on a par, with values of 25.79 ◦C and 25.78 ◦C, respectively—the highest values
measured in this scenario. The hybrid spruce–concrete model achieved a value of 25.60 ◦C,
the lowest measured. The corresponding distributions are shown in Figures 8 and 10.

The influence of pipe spacing can also be seen on the surface between two pipes.
Spruce exhibited the lowest temperatures, reaching 20.67 ◦C with a 16 mm thickness
and 21.85 ◦C with a capillary tube. Bamboo was the most effective bio-based material,
reaching 21.18 ◦C (16 mm) and 22.69 ◦C (capillary tube). Concrete reached 23.72 ◦C (16
mm) and 25.13 ◦C (capillary tube). The best hybrid solution (beech-concrete) reached 22.12
◦C and 24.22 ◦C, respectively. The corresponding temperature distributions are shown in
Figure 11. Overall, it is evident that increasing the pipe surface area affects the temperature
distribution within and on the surface of the component.
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Figure 9. Temperature distribution in the component of the different materials used with an inlet
temperature of the water with 26 ◦C, embedded depth of the pipe of 3 cm and a pipe diameter of
16 mm. Axes of building components in meter.
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Figure 10. Temperature distribution in the component of the different materials used with an inlet
temperature of the water with 26 ◦C, embedded depth of the pipe of 3 cm and a pipe diameter of
4.3 mm. Axes of building components in meter.
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Figure 11. Temperature distribution at the surface between the pipes of the different materials used
with an inlet temperature of the water with 26 ◦C, embedded depth of the pipe of 3 cm and a pipe
diameter of 16 mm and 4.3 mm.

3.3. Influence of Embedding Depth

The influence of the embedding depth was analyzed by comparing 6 cm and 1 cm
depths at a water temperature of 26 ◦C. The 16 mm pipe system and the capillary tube
system were both analyzed. Figure 12 also shows the parameters used.

E6 E3 E1 16 x 2 mm 4.3 x 0.8 mm Low Medium
6 cm 3 cm 1 cm 15 cm 1 cm 26 °C 35 °C

Embedd ing depth
Pipe outher diameter x wall

thickness& pipe spacing Water temperature

Figure 12. Used parameters (highlighted) for analyzing the influence of the embedded depth.

In the 16 mm model, the concrete had the highest surface temperatures under the
pipe: 23.67 ◦C (6 cm) and 24.6 ◦C (1 cm). Spruce exhibited the lowest values, at 20.79 ◦C
and 23.12 ◦C, respectively. Bamboo was at 21.28 ◦C (6 cm) and 23.73 ◦C (1 cm). The hybrid
beech-concrete model exhibited a notable temperature increase, ranging from 21.5 ◦C (6 cm)
to 24.08 ◦C (1 cm). Figure 13 shows the temperature distributions.

Figure 13. Temperature distribution at the surface under the pipe of the different materials used with
an inlet temperature of the water with 26 ◦C, embedded depth of the pipe of 1 cm and 6 cm and a
pipe diameter of 16 mm.

The effect was even clearer with capillary tubes. The spruce variant’s temperature
rose from 21.11 ◦C (6 cm) to 23.33 ◦C (1 cm) and the bamboo variants from 21.78 ◦C to
24.11 ◦C. Concrete showed smaller differences here: 24.67 ◦C (6 cm) and 25.49 ◦C (1 cm).
The hybrid model also showed a moderate increase. The results are shown in Figures 14
and 15. Therefore, the influence of the thermal conductivity can be emphasized once again.
It represents greater resistance at lower values with a higher embedding depth.
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Figure 14. Temperature distribution at the surface under the pipe of the different materials used with
an inlet temperature of the water with 26 ◦C, embedded depth of the pipe of 1 cm and 6 cm and a
pipe diameter of 4.3 mm.

Figure 15. Temperature distribution in the component of concrete as baseline, the best alternative
homogenous variant (bamboo) and the best hybrid variant (beech with concrete) with an inlet
temperature of the water with 26 ◦C, embedded depth of the pipe of 1 cm and 6 cm and pipe
diameters of 16 mm and 4.3 mm. Axes of building components in meter.
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3.4. Influence of the Water Temperature

The inlet temperature considerably influences the temperature level and spreads.
A model with an embedment depth of 3 cm and 16 mm pipes was analyzed at inlet
temperatures of 26 ◦C and 35 ◦C. Figure 16 also shows the parameters used.

The difference between the highest and lowest surface temperatures under the pipe
was 2.65 K at 26 ◦C and increased to 6.78 K at 35 ◦C. The minimum surface temperature
was observed for spruce at 21.43 ◦C (26 ◦C inlet temperature) and 23.6 ◦C (35 ◦C inlet
temperature). The highest values were achieved with concrete: 24.08 ◦C and 30.38 ◦C,
respectively. Figures 17 and 18 show the complete temperature distributions. The higher
heat transfer caused by the higher water temperature is evident here. This behavior
is further reinforced by a lager heat transfer area of the pipes at the models with the
capillary tubes.

E6 E3 E1 16 x 2 mm 4.3 x 0.8 mm Low Medium
6 cm 3 cm 1 cm 15 cm 1 cm 26 °C 35 °C

Embedd ing depth
Pipe outher diameter x wall

thickness& pipe spacing Water temperature

Figure 16. Used parameters (highlighted) for analyzing the influence of the water temperature.

Figure 17. Temperature distribution at the surface under the pipe of the different materials used with
an inlet temperature of the water with 26 ◦C and 35 ◦C, embedded depth of the pipe of 3 cm and
pipe diameters of 16 mm and 4.3 mm.

3.5. Influence of the Heat Storage Capacity

The heat storage capacity was determined by measuring the cooling time after the
system reached a steady state with a zero-mass flow. The limit value was set at 0.5 W/m2.
Figure 19 shows the heat flow curve at a boundary condition of an inlet temperature 26 ◦C
and an embedded depth of 3 cm. The start time here is 360 h, as the simulation should take
sufficient time to stabilize at a steady state.

The curves show that, after concrete, pine has the highest storage potential. Bio-based
materials absorbed significantly less heat than concrete. Hybrid materials also exhibited a
low storage effect.
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Figure 18. Temperature distribution in the component of concrete as baseline, the best alternative
homogenous variant (bamboo) and the best hybrid variant (beech with concrete) with an inlet
temperature of the water with 26 ◦C and 35 ◦C, embedded depth of the pipe of 3 cm and pipe
diameters of 16 mm and 4.3 mm. Axes of building components in meter.

Capillary tubes considerably extended the cooling down time. In the concrete model
with an embedment depth of 3 cm, the cooling time was around 71 h with 16 mm pipes
and around 75 h with capillary tubes. Similar effects were seen with other materials. Pine
performed best consistently among the bio-based materials. With pine the cooling down
time extends on additional 12 h by using capillary tubes instead of using the regular pipes.
By comparing concrete and pine, the influence of the specific heat capacity in combination
with the bulk density is highlighted. Figure 4 also underlines the influence of the specific
heat capacities, particularly in the hybrid models.
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(a) (b)

Figure 19. Heat conduction flux at the surface under the pipe with an embedding depth of 3 cm, an
inlet temperature of 26 ◦C and a (a) 16 mm pipe diameter and (b) 4.3 pipe diameter.

4. Discussion

The numerical simulations of this study show that all analyzed parameters—material,
pipe spacing, water temperature, embedment depth, and heat storage capacity—significantly
influence the system’s thermal performance. The results are analyzed in the context of
thermal component activation below.

4.1. Influence of the Material

Concrete has the most favorable thermal properties due to its high thermal conduc-
tivity (λ = 2.1 W/(m·K)) and heat capacity. The significantly lower surface temperatures
of spruce and other bio-based materials illustrate the limiting effect of their low ther-
mal conductivity (e.g., spruce: λ = 0.112 W/(m·K)). Among bio-based materials, bamboo
shows comparatively favorable behavior with a thermal conductivity of 0.209 W/(m·K).
This highlights the potential for optimization through the targeted selection of bio-based
materials.

Hybrid materials, such as beech-concrete or beech-clay, have better temperature
distribution than solid bio-based materials. This is due to the thermal bridging effect of the
mineral component. The higher temperatures in the area between pipes with a diameter
of 16 mm can be explained by the insulating effect of the wood matrix, which has a low
thermal conductivity.

Overall, the results demonstrate that suitable combinations of materials can be used
to achieve efficient heat conduction in the vicinity of the pipes, as well as improved
distribution and storage throughout the entire component. Hybrid materials therefore offer
a functional optimization strategy that combines the advantages of the low CO2 footprint
of bio-based materials with the high thermal storage capacity of mineral components.

4.2. Influence of Pipe Size and Spacing

A closer spacing in combination with a smaller size of the pipes leads to a more
homogeneous temperature distribution and greater activation of the component. For
instance, the temperature variation decreases from 1.84 K at a spacing of 15 cm to just
0.19 K at a spacing of 1 cm (capillary tubes) at an embedment depth of 6 cm. For materials
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with low thermal conductivity in particular, a narrow pipe spacing is crucial to achieving
surface temperatures similar to those of concrete. This phenomenon can be attributed to
the increased surface area of the pipe, which in turn leads to an elevated heat transfer area.

The results of the simulations suggest that the relative temperature benefit of closer
pipe spacing is less pronounced in bio-based materials than in hybrid systems. This can
be explained with the different thermal conductivities of the different materials of the
hybrid structures. However, the findings indicate that bio-based materials can be utilized
effectively in conjunction with capillary tube systems, thereby ensuring uniform activation
despite their reduced thermal conductivity.

4.3. Influence of Embedment Depth

The embedment depth primarily affects the surface temperature, whereas the tem-
perature around the pipe varies less. A shallower embedment depth (e.g., 1 cm instead of
6 cm) achieves higher surface temperatures due to the shorter heat path. This effect is more
pronounced with bio-based materials, as their thermal conductivity is lower. This result is
in agreement with Bishara et al. [30]. Therefore, reducing the embedment depth can help
increase efficiency, particularly when using bio-based materials.

4.4. Influence of Water Temperature

An increase in the inlet temperature increases both maximum surface temperature
and temperature spread. This has two main consequences:

1. Increased heat output due to more intensive thermal activation.
2. Lower thermal homogeneity, which can lead to a loss of comfort, for example, in floor

applications.

Simulations show that bio-based materials do not significantly improve in perfor-
mance, even at higher water temperatures. This confirms that their thermal limitations
cannot be overcome by increasing the inlet temperature alone. This was also shown by
Heidenthaler et al. [31].

The results suggest that uniform activation of the component is possible even with a
moderate water temperature of 26 ◦C in combination with close pipe spacing.

4.5. Influence of the Heat Storage Capacity

Analyzing the cooling out phases reveals that materials with a high specific heat
capacity, such as concrete and pine, release heat over longer periods. Similar results can
be seen in Heidenthaler et al. [31]. Using capillary tubes also extends the cooling out
time, indicating more even heat distribution and more effective component activation. The
storage potential of some bio-based materials, especially pine, is notable. This makes them
promising candidates for intermittent heating operations, as well as applications involving
load shifting or time-delayed energy supply, such as when using heat pumps. In this
context, the parameters of the specific heat capacity and the bulk density play a decisive
role in determining the suitability of a material for load-shifting applications, as it directly
influences the amount of energy stored.

4.6. Universality of Results

Although the study is based on 120 independent parametric simulations, the findings
can be considered transferable beyond the investigated cases. The methodology builds
in fundamental principles of heat conduction and thermal storage, which are universally
valid and not restricted to a specific software implementation. Moreover, the parametric
framework with Delphin 6 enables systematic variation in material properties, geometries,
and boundary conditions, which makes the approach adaptable to a wide range of construc-
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tion types and operating scenarios. The influence patterns observed in this work—such as
the role of the pipe spacing in achieving thermal homogeneity or the effect of embedment
depth on the surface temperature—are consistent with physical reasoning and align with
trends reported in previous studies. Taken together, these aspects demonstrate that the
results are not limited to an isolated case study but provide insights of broader applicability.

5. Conclusions

The present study shows that bio-based building materials have promising potential
for use in thermally activated building components for load shifting. While previous
research, as referenced in the literature reviews [7,8], focused primarily on mineral-based
TABS, this study provides the first systematic numerical evaluation of bio-based material
under a wide range of operational and design parameters, including pipe diameter, spac-
ing, embedment depth and inlet temperature. Although bio-based materials have a lower
thermal conductivity than mineral materials such as concrete, comparable thermal perfor-
mance can be achieved through suitable design measures, such as reducing the embedment
depth and spacing the pipes more closely, for example, by using capillary tube systems.
Among the bio-based materials, bamboo and pine stand out favorably. Hybrid material
combinations with clay or concrete offer additional optimization potential by improving
heat distribution and reducing the ecological footprint simultaneously. However, these
are theoretical constructions that have not yet been realized in practice. In conclusion,
the findings of this study demonstrate that through design optimization (e.g., closer pipe
spacing, reduced embedment depth), bio-based materials can achieve comparable activa-
tion performance to concrete in TABS, thus expanding the potential material palette for
sustainable building design.

A key limitation of this study is that it represents a purely numerical first step without
experimental validation. While the parametric simulation provides systematic insights
into the thermal behavior of bio-based and hybrid slabs, experimental investigations will
be essential to validate and calibrate the findings under real boundary conditions. Such
validation is foreseen as the logical next step of this research. Limitations of the study in-
clude further the focus on heating applications only, since cooling with bio-based materials
involves a considerable risk of condensation. Due to the moisture-absorbing properties of
wood and similar materials, condensation can lead to moisture buildup inside the com-
ponents, which may cause damage such as mold growth or material degradation over
time. Because of these risks, cooling scenarios were excluded from this study to maintain
focus on thermal performance during heating. In addition, the simulation assumed dry
material properties, and moisture content was not included, which may influence thermal
performance in real-world conditions. Future research needs to address moisture control
and condensation prevention to enable safe use of bio-based materials in cooling appli-
cations. A further limitation concerns the practical feasibility of the proposed (hybrid)
building component. While the simulations show building physical potential, realization
in practice would require interdisciplinary evaluation regarding load-bearing capacity and
long-term behavior.

Simulations also demonstrate that the heat storage capacity of certain bio-based
materials could be utilized for load shifting and intermittent operation, e.g., in conjunction
with heat pumps or solar energy sources. Therefore, bio-based materials could play a
significant role in decarbonizing the construction industry. Future research should focus on
the practical implementation of such hybrid systems, as well as on their long-term behavior
and building physics boundary conditions. Including also a carbon impact assessment
would further enhance the sustainability evaluation of bio-based materials. This type
of assessment could include embodied CO2 or GWP. Moreover, future research should
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prioritize experimental validation of hybrid systems, assessment of construction feasibility
including prefabrication potential, and evaluation of load-bearing capacity and long-term
performance under realistic environmental conditions. Additionally, the influence of
moisture and condensation must be thoroughly investigated, as these factors critically
affect durability and safe application, especially given the moisture-absorbing nature of bio-
based materials. Addressing these challenges is essential to enable practical implementation
and ensure reliable performance in real-world building environments. Future work should
also explore AI-based surrogate modeling approaches such as physics-informed neuronal
networks to accelerate parametric studies of bio-based TABS for load shifting.
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Abstract

Integrating phase change materials (PCMs) into buildings and HVAC systems improves
thermal comfort and energy efficiency. This study presents a climate-responsive methodol-
ogy for selecting optimal PCMs using a multi-criteria decision-making (MCDM) framework.
AHP was employed to determine the relative importance of key thermophysical prop-
erties, including melting point (47.5%), latent heat of fusion (25.7%), volumetric latent
heat (13.5%), thermal conductivity (6.8%), specific heat capacity (3.3%), and density (3.3%).
These weights were applied across five MCDM techniques—COPRAS, VIKOR, TOPSIS,
MOORA, and PROMETHEE II—to evaluate 16 PCM alternatives for three representative
climate zones: temperate (18 ◦C), subtropical (23 ◦C), and tropical hot/desert (28 ◦C).
The results consistently identified n-Heptadecane (C17) as the most suitable PCM for
temperate and subtropical climates, while n-Octadecane (C18) and hydrated salts such
as CaCl2·6H2O and Na2CO3·10H2O were optimal for tropical zones. Results show that
n-Heptadecane (C17) is optimal for temperate and subtropical zones (COPRAS K = 1.00;
TOPSIS C = 0.79–0.82; PROMETHEE ϕ = 0.21–0.22), while n-Octadecane (C18) and hy-
drated salts such as CaCl2·6H2O and Na2CO3·10H2O perform best in tropical climates
(TOPSIS C = 0.85; PROMETHEE ϕ = 0.26). These PCMs offer high latent heat (up to
254 kJ·kg−1) and volumetric storage (up to 381 MJ·m−3), enabling significant reductions
in HVAC loads and improved indoor temperature stability. The convergence of rankings
across methods and alignment with existing literature validate the robustness of the pro-
posed approach. This framework supports informed material selection for sustainable
building design and can be adapted to other climate-sensitive engineering applications.
The framework introduces methodological innovations by explicitly mapping PCM melting
points to climate-specific comfort bands, incorporating volumetric latent heat, and validat-
ing rankings through cross-method convergence (Spearman ρ > 0.99). Sensitivity analysis
confirms robustness against weight perturbations. The approach supports practical PCM
selection for both new and retrofit buildings, contributing to EU and US energy goals (e.g.,
40% building energy use, DOE’s 50% reduction target).

Keywords: climate zones; decision-making framework; latent heat storage materials;
thermal comfort; energy-efficient buildings; multi-criteria analysis

1. Introduction

The building sector has been identified as one of the most critical areas for achieving
substantial reductions in greenhouse gas emissions worldwide. In the European Union

Energies 2025, 18, 5982 https://doi.org/10.3390/en18225982
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(EU), buildings account for approximately 40% of total energy consumption and 36% of
carbon dioxide (CO2) emissions, highlighting their significant impact on the region’s overall
environmental footprint [1]. This challenge is further underscored by the stark contrast
in energy performance between new and existing buildings: while recently constructed
buildings typically require less than 3 to 5 L of heating oil per square meter annually, older
buildings consume an average of about 25 L per square meter per year [2]. This disparity
illustrates the urgent need for retrofitting and upgrading the existing building stock to
improve energy efficiency and reduce emissions.

Similarly, in the United States, the Department of Energy (DOE) has prioritized
advancements in building energy performance as a key strategy for national sustainability
goals. Through the development and promotion of efficient, affordable, and high-impact
technologies, systems, and practices, the DOE aims to transform the building sector [3]. The
long-term objective of the DOE’s Building Technologies Office is to achieve a 50% reduction
in energy use compared to 2010 levels, reflecting a strong commitment to innovation and
continuous improvement in building design and operation [4].

These ambitious targets in both the EU and the US underscore the necessity for
innovative solutions that can address the dual challenges of energy efficiency and occu-
pant comfort. Among the various strategies being explored, the integration of advanced
materials—such as phase change materials (PCMs)—into building envelopes and systems
offers significant potential for reducing energy demand and greenhouse gas emissions,
while simultaneously enhancing indoor environmental quality [5,6].

Thermal comfort in buildings is a fundamental factor influencing both quality of life
and energy efficiency, particularly in the context of increasing demand for sustainable
solutions. Phase change materials (PCMs) have emerged as a promising technology for
passive indoor temperature management due to their ability to store and release thermal
energy during phase transitions, such as melting and solidification. By absorbing excess
heat when ambient temperatures rise and releasing it as temperatures fall, PCMs can help
maintain indoor environments within comfortable ranges, thereby reducing reliance on
active heating and cooling systems [7–9].

The use of PCMs in building applications has gained increasing attention over the past
decades as an effective strategy to enhance the performance of heating, ventilation, and air
conditioning (HVAC) systems. By leveraging their latent heat storage capabilities, PCMs
can help regulate indoor temperatures, reduce peak energy loads, and improve overall
energy efficiency [6,7,10].

Several studies have explored the integration of PCMs into HVAC systems and build-
ing envelopes. Rastogi et al. developed a methodology for selecting and evaluating phase
change materials (PCMs) for integration with HVAC systems in residential buildings. Their
study focused on identifying suitable PCMs based on melting point, thermal properties,
and compatibility with building operation schedules. The results demonstrated that ap-
propriately selected PCMs can significantly reduce indoor temperature fluctuations and
lower peak cooling and heating loads. This leads to improved thermal comfort and energy
savings, especially when the PCM’s phase transition temperature closely matches the
desired indoor comfort range [11]. Turnpenny et al. investigated a novel ventilation cooling
system that incorporates PCMs and heat pipes. Their experimental setup involved using
nighttime ventilation to solidify the PCM, which then absorbed heat during the day, thus
reducing the need for active air conditioning. The study found that this system could store
substantial amounts of latent heat and provide effective passive cooling, particularly in cli-
mates with significant diurnal temperature swings. The approach was shown to be suitable
for retrofitting existing buildings and offered both energy and environmental benefits by
reducing reliance on conventional air conditioning [12]. Parameshwaran et al. explored the

122



Energies 2025, 18, 5982

use of advanced PCM systems with variable volume for enhancing the energy efficiency
of modern buildings. Their research highlighted the integration of PCM-based thermal
energy storage with variable air volume (VAV) air conditioning systems. The findings
indicated that such systems could dynamically adjust to changing thermal loads, resulting
in reduced energy consumption for cooling and improved indoor comfort. The study
also emphasized the importance of selecting PCMs with suitable thermal properties and
phase transition temperatures for optimal performance [13]. Sun et al. conducted a com-
prehensive economic and energy performance analysis of buildings equipped with PCM
wallboards. Their research assessed the impact of PCM integration on energy consumption,
cost savings, and payback periods across different climate zones. The results showed that
PCM wallboards could effectively reduce heating and cooling energy demands, with the
economic viability depending on local energy prices and climate conditions. In some cases,
the payback period for PCM investment was found to be favorable, making it a promising
solution for both new and existing buildings [14].

However, the optimal selection of a PCM is highly dependent on local climatic con-
ditions. The phase transition temperature of the material must closely align with the
prevailing comfort temperature of the specific region to maximize its effectiveness. If the
melting point of the PCM is not well matched to the local climate, its capacity to moderate
indoor temperatures and contribute to energy savings is significantly diminished [15,16].

The selection of the most appropriate phase change material (PCM) is a critical step in
the design and development of energy-efficient buildings. The process involves comparing
candidate materials, ranking them, and ultimately choosing the optimal option—a stage
that is fundamental to the overall success of the material selection process. To achieve a
robust selection, it is essential to identify and prioritize the criteria that most significantly
influence the engineering application. This approach enables the elimination of unsuitable
alternatives and supports the selection of the most appropriate PCM using straightforward
and logical methods [17,18]. The suitability of a PCM for a specific application depends on
a range of factors, particularly its physical and thermochemical properties, such as melting
point, latent heat of fusion, thermal conductivity, chemical stability, and compatibility
with other building materials. Additionally, considerations such as cost, availability, envi-
ronmental impact, and long-term performance are increasingly important in sustainable
building design. Given the complexity and the number of variables involved, the material
selection process can be effectively structured as a multi-criteria decision-making (MCDM)
problem. This systematic approach allows for the simultaneous evaluation of multiple,
often conflicting, criteria, ensuring a comprehensive and efficient assessment of candidate
materials. By applying MCDM techniques, designers and engineers can objectively rank
and select PCMs that best meet the specific requirements of the building and its climatic
context, thereby optimizing both thermal comfort and energy performance [19–21].

Several studies have explored PCM selection and integration. Nadeem et al. [22]
apply the Analytic Hierarchy Process (AHP) to rank different PCMs for building appli-
cations. The method evaluates both thermal and non-thermal properties, such as latent
heat, thermal conductivity, melting point, and density. The AHP helps decision makers sys-
tematically compare alternatives and select the most suitable PCM for building envelopes.
Kumar et al. [23] describe a hybrid approach combining AHP (for weighting criteria) and
TOPSIS (for ranking alternatives) to select PCMs for thermal energy storage in buildings.
The study details the evaluation steps and parameters, demonstrating how these multi-
criteria decision-making (MCDM) techniques help identify the most appropriate PCM for
thermal comfort applications. Wang et al. [2] compare 33 different MCDM algorithms for
selecting the optimal PCM for thermal energy storage heat exchangers. Six materials and
five thermophysical properties are evaluated. The study validates the results using the

123



Energies 2025, 18, 5982

Pearson correlation and highlights the robustness of MCDM methods for PCM selection.
Jha et al. [5] analyze the selection of bio-based PCMs for walls and roofs using both MCDM
methods and energy simulations. The Ashby approach is used to determine figures of merit
and rank the performance of different PCMs under various environmental conditions [24].

Previous studies on PCM selection using MCDM techniques have laid important
groundwork but exhibit notable limitations. Nadeem et al. [22] applied AHP to rank PCMs
based on thermal properties but did not incorporate climate-specific scoring or validate
results across multiple methods. Kumar et al. [23] introduced a hybrid AHP–TOPSIS
approach, yet omitted volumetric latent heat and regional comfort alignment. Wang et al. [2]
compared 33 MCDM algorithms for heat exchangers, focusing on method robustness but
not on climate responsiveness. Jha et al. [5] combined MCDM with simulations for bio-
based PCMs, without multi-zone analysis. Mehling et al. [24] reviewed PCM degradation
but did not integrate MCDM frameworks. In contrast, this study introduces a climate-zoned
PCM ranking methodology using five MCDM techniques, explicitly mapping melting
points to regional set-points and validating convergence across methods, addressing key
gaps in prior literature.

This article presents a review and methodological proposal for the selection of phase
change materials based on the annual mean temperature of various climatic regions. Rep-
resentative zones with average temperatures of 18 ◦C (e.g., Madrid, Lisboa, Los Ángeles),
23 ◦C (e.g., Miami, Panamá, Brisbane), and 28 ◦C (e.g., Bangkok, Manila, Dubai) are identi-
fied, and the criteria for PCM selection in each case are discussed, taking into account not
only thermal comfort but also technical feasibility and economic considerations.

Although the use of 18 ◦C, 23 ◦C, and 28 ◦C represents a simplified climatic proxy,
each temperature corresponds directly to standardized comfort bands from EN 16798-1
and ASHRAE 55 [25], ensuring physical and practical relevance. This approach provides a
transparent baseline for PCM comparison across cool, temperate, and warm climates while
remaining compatible with more detailed adaptive comfort modeling that may be used in
future work.

2. Materials and Methods

2.1. Definition of the Decision-Making Problem for Material Selection

The selection of phase change materials (PCMs) for building applications is a complex
decision-making problem that requires the simultaneous consideration of multiple perfor-
mance criteria. PCMs are utilized for their ability to absorb and release latent heat during
phase transitions, thereby maintaining indoor temperatures within a desired comfort range.
For effective integration into building envelopes or HVAC systems, the melting point of
the PCM should closely match the target indoor comfort temperature, contributing to a
more stable and comfortable indoor environment [7,15,25].

To ensure optimal performance and safety, the selection process must evaluate a range
of thermal, physical, chemical, and economic properties. Based on the literature, the key
criteria for PCM selection include the following:

• High latent heat of fusion (per unit volume and mass) and high specific heat capacity
to maximize energy storage and minimize the required material volume.

• Melting point appropriately matched to the intended application, climate, and
building location.

• Chemical stability and low corrosion potential to ensure long-term durability.
• Non-toxicity and safety, particularly in the event of fire or accidental release.
• Reproducible phase transitions without material degradation over repeated cycles.
• Minimal volume changes during solidification to prevent structural issues.
• High thermal conductivity, enabling rapid heat transfer and efficient thermal response.
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• Abundance and low cost to ensure economic feasibility and scalability.

There are other key practical attributes such as cycling stability, subcooling behavior,
volume change, phase segregation, compatibility, flammability/toxicity, corrosion poten-
tial, and cost/availability, which are critical for the building applications of PCMs. This
decision model focused primarily on quantitative thermophysical parameters to enable
reproducibility and objective comparison across all materials.

Among these, the most critical properties are the melting point (Tm), latent heat of
fusion (ΔHfus), specific heat capacity (Cp), thermal conductivity (k), and density (ρ). It has
been taken into account that the materials display an average cost/availability. The ideal
PCM should combine high energy storage capacity, suitable melting point, good thermal
conductivity, chemical and physical stability, safety, and affordability. The decision-making
process, therefore, involves systematically evaluating candidate materials against these
criteria to identify the most suitable PCM for the specific building application [23,26,27].
Table 1 shows the material properties for the PCM alternatives in buildings.

Table 1. Material properties for the PCM alternatives in buildings [6].

PCM Category Tm (◦C) ΔHfus (kJ/kg) ρ (kg/m3)
Vol. Latent

Heat (MJ/m3)
Cp (kJ/kg·K) k (W/m·K)

n-Heptadecane (C17) Paraffin 22 225 770 ~173 2.1 0.20
n-Octadecane (C18) Paraffin 28 244 775 ~189 2.1 0.20
n-Nonadecane (C19) Paraffin 32 250 780 ~195 2.1 0.20

Rubitherm RT27 Commercial paraffin blend 27 120 770 ~92 2.0 0.20
Rubitherm RT31 Commercial paraffin blend 31 115 777 ~89 2.0 0.20
Capric acid (C10) Fatty acid 31.6 150 940 ~141 2.1 0.18

Capric–Lauric eutectic Fatty acid eutectic 24 160 900 ~144 2.1 0.18
Fatty acid eutectic

(C10–C12–C14) Fatty acid eutectic 35 150 880 ~132 2.0 0.18

1-Dodecanol Fatty alcohol 24 160 813 ~130 2.0 0.17
PEG-600 PEG (low MW) 20 120 1100 ~132 1.9 0.25

Glauber’s salt
(Na2SO4·10H2O) Salt hydrate 32.4 254 1500 ~381 1.4 0.60

CaCl2·6H2O Salt hydrate 29 190 1700 ~323 1.3 0.60
Na2HPO4·12H2O Salt hydrate 35 200 1600 ~320 1.4 0.50
Na2CO3·10H2O Salt hydrate 32 190 1450 ~276 1.4 0.60

Form-stable
paraffin/HDPE Composite 25 120 900 ~108 1.9 0.25

Organic ester mixture Commercial ester PCM 25 140 900 ~126 2.0 0.18

In this study, the mean melting point was prioritized as the main criterion, considering
that the MCDM methods used (COPRAS, VIKOR, TOPSIS, MOORA, PROMETHEE II)
require unique values per criterion. However, we are aware that a wide melting range can
dilute the thermal control capability in sensitive applications.

2.2. Multi-Criteria Decision-Making Methods

AHP, COPRAS, VIKOR, TOPSIS, MOORA and PROMETHEE II are the MCDM meth-
ods that have been used and are explained below. Using AHP for weight selection ensures
that the most relevant criteria are emphasized, based on expert judgment. Applying multi-
ple MCDM methods allows for a comprehensive, unbiased, and validated selection of the
optimal PCM for different climate zones and building applications.

2.2.1. Analytic Hierarchy Process (AHP)

The Analytic Hierarchy Process (AHP), introduced by Thomas Saaty, is a structured
technique used to determine the relative importance of alternatives in decision-making
scenarios. This method is particularly effective for complex problems involving multiple
criteria. AHP operates through three main components: establishing a hierarchical struc-
ture, conducting pairwise comparisons among criteria, and evaluating the consistency of
the judgments made [28].
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In the hierarchy setup, each alternative is assigned a value reflecting its relevance to
the decision context. The structure typically includes three levels: the overall goal, the
criteria influencing the decision, and the set of alternatives under consideration.

The next step involves comparing the criteria to each another to assign relative weights.
These weights are derived from expert judgment or technical knowledge, and Saaty pro-
posed a scale from 1 to 9 to quantify the importance of one criterion over another. Interme-
diate values such as 2, 4, 6, and 8 are used for finer distinctions.

The pairwise comparisons are organized into a square matrix (A), where each element
represents the relative importance of one criterion compared to another. The principal
eigenvector of this matrix yields the priority weights for each criterion.

A =

⎛
⎜⎜⎝

a11 . . . a1n
...

. . .
...

an1 . . . ann

⎞
⎟⎟⎠ aii= 1, aji =

1
aij

, aij �= 0 (1)

Afterwards, from matrix A it is determined the relative priority among proper-
ties. The eigenvector w is the weight importance and it corresponds with the largest
eigenvector (max):

(A − λmax)w = 0 (2)

To ensure the reliability of the comparisons, AHP includes a consistency check. The
consistency index (CI) and consistency ratio (CR) are calculated using the largest eigenvalue of
the matrix. If the CR exceeds 0.1, the comparisons should be revised to improve consistency. In
Equations (3) and (4) is shown the consistency indexes required to validate the results.

CI =
(λmax − n)

n − 1
(3)

CR =
CI
RI

(4)

where
n: number of selection criteria;
RI: random index;
CI: consistency index;
CR: consistency relationship;
max (A): largest eigenvalue.
CR should be greater than 0.1; otherwise, the importance coefficient (1–9) has to be

reset and the CR recalculated [22].
It is important to emphasize which criteria are going to be considered as positive and

negative during the development of the MCDM method [26]; this consideration is shown
in Table 2, which will be used for all methods that require this consideration.

Table 2. Definition of positive and negative criteria.

Material Tm (◦C) ΔHfus (kJ/kg) ρ (kg/m3)
Vol. Latent
Heat (VLH)

(MJ/m3)
Cp (kJ/kg·K) k (W/m·K)

proximity to a
zone target + + + + +

2.2.2. COPRAS Method

The COPRAS (Complex Proportional Assessment) method is a multi-criteria decision-
making technique that evaluates alternatives by considering both beneficial and non-
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beneficial criteria. It identifies the most suitable option by calculating the relative signif-
icance and utility of each alternative based on its performance across all criteria. This
approach facilitates a clear understanding of how each alternative compares to others
in terms of overall effectiveness. Goswami et al. [29] develop the algorithm using the
following steps:

Step 1: Calculate the normalized decision matrix x∗ij.

x∗ij =
xij

∑m
i=1 xij

(5)

Step 2: Calculate the weighted normalized decision matrix Dij.

Dij = x∗ij · wj =

⎡
⎢⎢⎢⎢⎣

w1r11 w2r12 . . . wnr1n

w1r21 w2r22 . . . wnr2n
...

...
. . .

...
w1rm1 w2rm2 . . . wnrmn

⎤
⎥⎥⎥⎥⎦ (6)

Step 3: Calculate Si+ and Si− of the normalized weighted values.

Si+ =
k

∑
k=1

Dij (7)

Si− =
k

∑
k=1

Dij (8)

Step 4: Determine the relative importance of the Qi alternatives.

Qi = Si+ +
∑m

j=1 Si−
Si−∑m

j=1
1

Si−
(9)

Step 5: Calculate Pi of each alternative, using following Equation (9).

Pi =
Qi

Qmax
× 100 (10)

where Qmax is the maximum value of relative importance.
This structured approach allows decision makers to rank alternatives effectively and select

the one that offers the highest utility, balancing both positive contributions and negative impacts.

2.2.3. VIKOR Method

The VIKOR method (Višekriterijumsko Kompromisno Rangiranje) is a multi-criteria
decision-making technique designed to identify a compromise solution that is closest to the
ideal, especially when dealing with conflicting criteria. Unlike methods that seek a perfect
solution, VIKOR aims to find an alternative that represents a balanced trade-off acceptable
to all stakeholders. It comprises the following steps used by Radovanović et al. in ref. [30].

Step 1: Normalize decision matrix Xij.

Xij =

⎡
⎢⎢⎢⎣

x11 x12 . . . x1n

x21 x22 . . . x2n

. . . . . . . . . . . .
xm1 xm2 . . . xmn

⎤
⎥⎥⎥⎦ (11)

Step 2: Calculate weighted normalized decision matrix fij.
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fij =
Xij√

∑m
i=1 Xij

2
(12)

Step 3: Determine the best f ∗i and the worst f−i -value of all the criterion.

f ∗i = maxj fij (13)

f−i = maxj fij (14)

Step 4: Calculate the distance to the positive ideal solution Si and negative ideal
solution Ri.

Si = ∑n
j Wi ( f ∗i − fij)/( f ∗i − f−i ) (15)

Ri= Maxj
[
Wi f ∗i − fij

)
/
(

f ∗i − f−i
)
] (16)

Step 5: Calculate the values (Ii); for i = 1. . ., I, is defined by Equation (17).

Ii = v
[

Si − S∗

S− − S∗

]
+(1 − v)

[
Ri − R∗

R− − R∗

]
(17)

2.2.4. TOPSIS Method

The Technique for Order Preference by Similarity to Ideal Solution (TOPSIS) is a widely
used multi-criteria decision-making method that ranks alternatives based on their proximity to
an ideal solution. The fundamental principle of TOPSIS is that the best option should be closest
to the positive ideal solution (PIS) and furthest from the negative ideal solution (NIS).

The method involves calculating the geometric distances of each alternative from
both the PIS and NIS. These distances are then used to compute a relative closeness index,
which ranges from 0 to 1. A higher index indicates a better alternative. This approach
facilitates clear and rational decision making by quantifying how close each option is to the
optimal solution.

According to the procedure outlined by Taherdoost et al. [31], the TOPSIS method
consists of the following steps:

Step 1: Construct the normalized decision matrix rij, which standardizes the data to
eliminate unit differences.

rij =

⎡
⎢⎢⎢⎣

r11 r12 . . . r1n

r21 r22 . . . r2n

. . . . . . . . . . . .
rm1 rm2 . . . rmn

⎤
⎥⎥⎥⎦ (18)

Step 2: Normalize the decision matrix to ensure comparability across criteria.

Rij =
rij√

∑m
i=1 rij

2
(19)

Step 3: Generate the weighted normalized decision matrix (Vij) using the assigned
weights for each criterion (20).

Vij = Wi * Rij (20)

Vij =

⎡
⎢⎢⎢⎣

W1r11 W2r12 . . . Wnr1n

W2r21 W2r22 . . . Wnr2n

. . . . . . . . . . . .
Wnrm1 Wnrm2 . . . Wnrmn

⎤
⎥⎥⎥⎦ (21)
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Step 4: Identify the positive ideal and negative ideal solutions based on the best and
worst values for each criterion A∗ and A−.

A∗ =
{

max
i

vij
∣∣j ∈ J), (min

i
vij

∣∣j ∈ J′)
}

= {v1
∗, v2

∗, . . . , vn
∗} (22)

A− =

{
max

i
vij

∣∣j ∈ J), (min
i

vij
∣∣j ∈ J′)

}
=

{
v1

−, v2
−, . . . , vn

−} (23)

Step 5: Calculate the separation measures, which represent the distances of each
alternative from the ideal and anti-ideal solutions Si

∗ and Si
−.

Si
∗ =

√√√√ n

∑
j=1

(
vij − vj

∗)2 (24)

Si
− =

√√√√ n

∑
j=1

(
vij − vj

−)2 (25)

Step 6: Determine the relative closeness coefficient for each alternative, which serves
as the basis for ranking

Ci
∗ = Si

−

Si
− + Si

∗ (26)

This structured approach enables decision makers to evaluate and rank alter-
natives effectively, ensuring that the selected option aligns closely with the desired
performance characteristics.

2.2.5. MOORA Method

The MOORA (Multi-Objective Optimization on the Basis of Ratio Analysis) method is
a practical and reliable approach for addressing multi-criteria decision-making problems.
It is particularly valued for its simplicity and effectiveness in comparing alternatives across
both favorable and unfavorable criteria [32]. The procedure involves the following steps:

Step 1: Determine the decision matrix Xij.

Xij

⎡
⎢⎢⎢⎣

X11 X12 . . . X1n

X21 X22 . . . X2n

. . . . . . . . . . . .
X Xm2 . . . Xmn

⎤
⎥⎥⎥⎦ (27)

Step 2: Calculate the radius matrix of the form Xij =
[
xij

]
.

Xij =
Xij√

∑m
i=1 Xij

2
(28)

Step 3: Weight the vector calculus of each of the criteria.

W =
∣∣∣W1 W2 W3 . . . .. Wn

∣∣∣ (29)

Step 4: Normalize the weighted matrix.
Step 5: Calculate the aggregation function to evaluate each alternative S(xi)

using Equation.
S(xi) = ∑h

i=1 Xij − ∑n
i=h+1 Xij (30)
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This method allows for a clear and objective ranking of alternatives, making it espe-
cially useful in engineering, sustainability, and material selection contexts.

2.2.6. PROMETHEE Method

The PROMETHEE Method (Preference Ranking Organization Method for Enrichment
Evaluations) is especially useful when multiple alternatives need to be evaluated based on
several criteria and a preference ranking among them is desired [33].

The steps of the PROMETHEE II method, which is most commonly used, are
as follows:

1. Define the alternatives and criteria.
2. Assign weights to the criteria.
3. Select preference functions: for each criterion, a preference function Pj(a, b) is defined,

which measures how much alternative a is preferred over b.
4. Calculate the aggregated preference indices for each alternatives (a, b).

π(a, b) = ∑ wj·Pj(a, b) (31)

5. Calculate the preference flows.

Positive flow: how much an alternative dominates the others.

ϕ+(a) = (1/(m − 1)) ∑ π(a, b) (32)

Negative flow: how much an alternative is dominated by the others.

ϕ−(a) = (1/(m − 1)) ∑ π(b, a) (33)

Net Flow:
ϕ(a) = ϕ+(a) − ϕ−(a) (34)

6. Rank the alternatives:

In PROMETHEE II, alternatives are ranked according to their net flow ϕ(a). The
higher the value, the better the alternative.

3. Results

The results presented in this section stem from the application of a structured MCDM
framework aimed at selecting the most suitable PCMs for building applications across
different climatic zones. To ensure a comprehensive and unbiased evaluation, five MCDM
methods—TOPSIS, VIKOR, COPRAS, MOORA, and PROMETHEE II—were employed.
These methods offer diverse analytical perspectives, ranging from proximity to ideal
solutions to preference-based rankings. To establish a consistent basis for comparison, the
AHP was first applied to determine the relative importance of the selection criteria. This
weighting process incorporated expert judgment and consistency validation, resulting in a
prioritization that reflects the critical influence of thermal properties such as melting point,
latent heat of fusion, and volumetric latent heat.

3.1. AHP Method Results

To obtain the criteria weighting, the comparison among properties has been performed
for every alternative, as showed in Table 1. The property identification appears as (Tm),
(ΔHfus), (ρ), (Cp), (VLH), and (k) (W/m·K). The scale of relative importance used in the
AHP method are 1, equal importance; 3, moderate importance; 5, strong importance; 7,
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very strong importance; and 9, extreme importance. Rankings of 2, 4, 6, and 8 indicate
intermediate importance.

Table 3 Scale
Each criterion was compared using Saaty’s scale of relative importance (1–9), which

quantifies how much more one criterion influences the decision over another. The resulting
comparison matrix (Table 3) reflects the authors’ expert evaluations, with melting point
(Tm) identified as the most critical property for PCM selection, particularly due to its
alignment with regional comfort temperatures.

The consistency of the pairwise comparisons was verified using the Consistency
Index (CI) and Consistency Ratio (CR). The calculated values CI = 0.010 and CR = 0.044 are
both below the acceptable threshold of 0.1, confirming the reliability of the judgments.

Table 3. Comparison among criteria of PCMs in AHP method.

Tm (◦C) ΔHfus VLH k Cp ρ

1 3 5 7 9 9
0.333333 1 3 5 7 7

0.2 0.333333 1 3 5 5
0.142857 0.2 0.333333 1 3 3
0.111111 0.142857 0.2 0.333333 1 1
0.111111 0.142857 0.2 0.333333 1 1

From the normalized matrix, the priority weights for each criterion were derived using
the principal eigenvector method. The final weight distribution is shown in Table 4. These
weights were subsequently used across all MCDM methods to ensure consistency in the
evaluation of PCM alternatives. The dominance of Tm in the weighting reflects its pivotal
role in ensuring thermal comfort across different climate zones, while ΔHfus and VLH
contribute significantly to the energy storage capacity of the materials.

Table 4. Criteria weighting by the AHP.

Tm (◦C) ΔHfus VLH k Cp ρ

47.5% 25.7% 13.5% 6.8% 3.3% 3.3%

3.2. COPRAS Method Results

The COPRAS method was applied to evaluate and rank phase change materials
(PCMs) for building applications across three climatic zones, considering both beneficial
and non-beneficial criteria. In the temperate zone (~18 ◦C, Table 5), n-Heptadecane (C17)
achieved the highest utility value (K = 1.000), confirming its suitability due to its low
melting point and strong thermal storage properties. PEG-600 and Capric–Lauric eutectic
followed closely, reflecting their favorable energy storage capacities and compatibility with
cooler climates. In the subtropical zone (~23 ◦C, Table 6), n-Heptadecane again ranked
first, demonstrating consistent performance across criteria, while Capric–Lauric eutectic
and 1-Dodecanol also performed well due to their melting points aligning with the tar-
get comfort range. In the tropical hot/desert zone (~28 ◦C, Table 7), n-Octadecane (C18)
emerged as the top-ranked PCM (K = 1.000), with its melting point precisely matching the
climatic requirements and offering high latent heat. Hydrated salts such as CaCl2·6H2O
and Na2CO3·10H2O also ranked highly in this zone, benefiting from their high volumet-
ric latent heat and density. These results underscore the effectiveness of COPRAS in
identifying optimal PCMs by balancing thermal performance, material properties, and
climate-specific requirements.
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Table 5. Full ranking of COPRAS results (descending order by C) for Zone 1, temperate (~18 ◦C) (e.g.,
Madrid, Lisbon, Los Angeles).

Pos Material S K

1 n-Heptadecane (C17) 0.363514 1.000000
2 PEG-600 0.341757 0.940250
3 Capric–Lauric eutectic 0.309021 0.850404
4 1-Dodecanol 0.305781 0.841369
5 Organic ester mixture 0.293201 0.806351
6 Form-stable paraffin/HDPE 0.292470 0.804582
7 Rubitherm RT27 0.281010 0.772924
8 Rubitherm RT31 0.276407 0.760795
9 n-Nonadecane (C19) 0.274168 0.754285

10 n-Octadecane (C18) 0.269168 0.740634
11 Fatty acid eutectic (C10–C12–C14) 0.256204 0.704901
12 Capric acid (C10) 0.255267 0.702144
13 Na2CO3·10H2O 0.254930 0.700882
14 Na2HPO4·12H2O 0.250071 0.687907
15 CaCl2·6H2O 0.243456 0.669775
16 Glauber’s salt (Na2SO4·10H2O) 0.206488 0.568086

Table 6. Full ranking of COPRAS results (descending order by C) for Zone 2, subtropical/moderate
tropical (~23 ◦C) (e.g., Miami, Panama, Brisbane).

Pos Material S K

1 n-Heptadecane (C17) 0.363920 1.000000
2 Capric–Lauric eutectic 0.328651 0.903356
3 1-Dodecanol 0.327533 0.900040
4 Organic ester mixture 0.314678 0.864993
5 Form-stable paraffin/HDPE 0.311834 0.857031
6 PEG-600 0.307821 0.846096
7 Rubitherm RT27 0.296525 0.815010
8 Rubitherm RT31 0.292999 0.804150
9 n-Nonadecane (C19) 0.291222 0.800140

10 n-Octadecane (C18) 0.286023 0.786195
11 Na2CO3·10H2O 0.284905 0.783212
12 Capric acid (C10) 0.281968 0.774588
13 Fatty acid eutectic (C10–C12–C14) 0.271365 0.745867
14 Na2HPO4·12H2O 0.268593 0.738270
15 CaCl2·6H2O 0.263166 0.723406
16 Glauber’s salt (Na2SO4·10H2O) 0.241365 0.663362

Table 7. Full ranking of COPRAS results (descending order by C) for Zone 23, tropical hot/desert
(~28 ◦C) (e.g., Bangkok, Manila, Dubai).

Pos Material S K

1 n-Octadecane (C18) 0.370865 1.000000
2 CaCl2·6H2O 0.362522 0.977449
3 Na2CO3·10H2O 0.342808 0.924328
4 Na2HPO4·12H2O 0.340702 0.919152
5 Glauber’s salt (Na2SO4·10H2O) 0.333831 0.900154
6 Rubitherm RT31 0.319247 0.860951
7 n-Nonadecane (C19) 0.312725 0.843160
8 Rubitherm RT27 0.310591 0.837629
9 Organic ester mixture 0.293391 0.790618

10 Form-stable paraffin/HDPE 0.292997 0.789257
11 Capric acid (C10) 0.289896 0.781752

132



Energies 2025, 18, 5982

Table 7. Cont.

Pos Material S K

12 Fatty acid eutectic (C10–C12–C14) 0.288453 0.777505
13 PEG-600 0.241584 0.651639
14 1-Dodecanol 0.233789 0.630533
15 n-Heptadecane (C17) 0.228171 0.615165
16 Capric–Lauric eutectic 0.214559 0.578701

3.3. VIKOR Method Results

The VIKOR method was employed to identify the most suitable phase change materi-
als (PCMs) for building applications across three distinct climatic zones, emphasizing a
compromise solution that balances performance across multiple criteria. In the temperate
zone (~18 ◦C Table 8), n-Heptadecane (C17) emerged as the optimal PCM (Q = 0), owing to
its melting point closely aligned with the target indoor comfort range and its favorable la-
tent heat and density properties. For subtropical climates (~23 ◦C, Table 9), n-Heptadecane
again ranked highest, demonstrating robust performance across criteria, despite a slightly
lower melting point than the target. In contrast, for tropical hot/desert climates (~28 ◦C,
Table 10), n-Octadecane (C18) was identified as the best compromise solution (Q = 0.846),
with a melting point precisely matching the target and strong thermal storage capacity.
Notably, hydrated salts such as CaCl2·6H2O also performed well in warmer zones due to
their high volumetric latent heat and density, despite lower thermal conductivity. These
results highlight the importance of aligning PCM thermal properties with regional climatic
conditions and demonstrate the effectiveness of VIKOR in balancing trade-offs among
conflicting criteria to support informed material selection.

Table 8. Full ranking of VIKOR results (descending order by C) for Zone 1, temperate (~18 ◦C) (e.g.,
Madrid, Lisbon, Los Angeles).

Pos Material S R Q

1 n-Heptadecane (C17) 0.309372 0.096164 0
2 Capric–Lauric eutectic 0.504843 0.173799 0.273128
3 1-Dodecanol 0.520109 0.173799 0.286457
4 PEG-600 0.447764 0.247755 0.320904
5 n-Octadecane (C18) 0.456668 0.253333 0.33604
6 CaCl2·6H2O 0.463146 0.285 0.383491
7 Organic ester mixture 0.585935 0.210777 0.392735
8 Form-stable paraffin/HDPE 0.62429 0.247755 0.475028
9 Glauber’s salt (Na2SO4·10H2O) 0.428638 0.392667 0.495464

10 Rubitherm RT27 0.703416 0.247755 0.544112
11 n-Nonadecane (C19) 0.56929 0.38 0.601548
12 Na2CO3·10H2O 0.584621 0.38 0.614934
13 Capric acid (C10) 0.763966 0.367333 0.754801
14 Rubitherm RT31 0.840466 0.348333 0.796516
15 Na2HPO4·12H2O 0.651281 0.475 0.798519
16 Fatty acid eutectic (C10–C12–C14) 0.882048 0.475 1

Table 9. Full ranking of VIKOR results (descending order by C) for Zone 2, subtropical/moderate
tropical (~23 ◦C) (e.g., Miami, Panama, Brisbane).

Pos Material S R Q

1 n-Heptadecane (C17) 0.246039 0.096164 0
2 n-Octadecane (C18) 0.376062 0.172727 0.203268
3 Capric–Lauric eutectic 0.378176 0.173799 0.206344
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Table 9. Cont.

Pos Material S R Q

4 1-Dodecanol 0.393442 0.173799 0.218346
5 CaCl2·6H2O 0.394055 0.215909 0.274406
6 Organic ester mixture 0.470783 0.210777 0.327953
7 Form-stable paraffin/HDPE 0.509139 0.247755 0.406912
8 PEG-600 0.534128 0.247755 0.426557
9 Glauber’s salt (Na2SO4·10H2O) 0.398699 0.362727 0.471833

10 Rubitherm RT27 0.611295 0.247755 0.487222
11 n-Nonadecane (C19) 0.534744 0.345455 0.555988
12 Na2CO3·10H2O 0.550076 0.345455 0.568041
13 Capric acid (C10) 0.724815 0.328182 0.682615
14 Rubitherm RT31 0.794405 0.302273 0.703128
15 Na2HPO4·12H2O 0.651281 0.475 0.818582
16 Fatty acid eutectic (C10–C12–C14) 0.882048 0.475 1

Table 10. Full ranking of VIKOR results (descending order by C) for Zone 23, tropical hot/desert
(~28 ◦C) (e.g., Bangkok, Manila, Dubai).

Pos Material S R Q

1 n-Octadecane (C18) 0.2033 0.0888 0
2 CaCl2·6H2O 0.2375 0.1183 0.0620
3 Rubitherm RT27 0.2972 0.2613 0.2885
4 Organic ester mixture 0.4268 0.2375 0.3478
5 Form-stable paraffin/HDPE 0.4421 0.2375 0.3585
6 n-Nonadecane (C19) 0.6057 0.2108 0.4376
7 Capric acid (C10) 0.5411 0.2478 0.4406
8 Fatty acid eutectic (C10–C12–C14) 0.6104 0.2138 0.4447
9 Rubitherm RT31 0.6157 0.2375 0.4791

10 Na2CO3·10H2O 0.6309 0.2375 0.4897
11 Na2HPO4·12H2O 0.6441 0.2478 0.5121
12 Glauber’s salt (Na2SO4·10H2O) 0.6703 0.2570 0.5423
13 PEG-600 0.6023 0.3563 0.6235
14 1-Dodecanol 0.5919 0.4156 0.6932
15 n-Heptadecane (C17) 0.8227 0.4156 0.8536
16 Capric–Lauric eutectic 0.9228 0.4750 1

3.4. TOPSIS Method Results

The TOPSIS method was utilized to rank phase change materials (PCMs) based on their
proximity to the ideal solution, considering multiple thermal and physical criteria. In the temperate
zone (~18 ◦C, Table 11), n-Heptadecane (C17) achieved the highest closeness coefficient (C = 0.793),
indicating its superior alignment with the desired performance profile for cooler climates. PEG-600
followed closely, benefiting from its low melting point and high density, while Capric–Lauric
eutectic and 1-Dodecanol also performed well due to their balanced thermal properties. In the
subtropical zone (~23 ◦C, Table 12), n-Heptadecane remained the top-ranked material (C = 0.815),
reaffirming its versatility across moderate climates. Capric–Lauric eutectic and 1-Dodecanol
continued to show strong performance, with melting points near the target temperature and
favorable latent heat values. In the tropical hot/desert zone (~28 ◦C, Table 13), n-Octadecane
(C18) emerged as the optimal PCM (C = 0.847), with its melting point precisely matching the
climatic requirements and offering high latent heat of fusion. Hydrated salts such as CaCl2·6H2O
and Na2CO3·10H2O also ranked highly due to their exceptional volumetric latent heat and
density, despite lower specific heat capacities. These results demonstrate TOPSIS’s effectiveness in
identifying PCMs that closely approximate ideal thermal performance for specific climate zones.
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Table 11. Full ranking of TOPSIS results (descending order by C) for Zone 1, temperate (~18 ◦C) (e.g.,
Madrid, Lisbon, Los Angeles).

Pos Material D+ D− C

1 n-Heptadecane (C17) 0.051137 0.196209 0.793257
2 PEG-600 0.065568 0.221410 0.771521
3 Capric–Lauric eutectic 0.081353 0.163312 0.667492
4 1-Dodecanol 0.082675 0.163188 0.663736
5 Organic ester mixture 0.096667 0.147912 0.604762
6 Form-stable paraffin/HDPE 0.096905 0.145649 0.601238
7 Rubitherm RT27 0.106691 0.127684 0.544612
8 Rubitherm RT31 0.111636 0.120286 0.518133
9 n-Nonadecane (C19) 0.114662 0.118561 0.508089

10 n-Octadecane (C18) 0.120605 0.111009 0.479587
11 Fatty acid eutectic (C10–C12–C14) 0.134365 0.096341 0.417530
12 Capric acid (C10) 0.134719 0.095442 0.414872
13 Na2CO3·10H2O 0.137317 0.092015 0.401177
14 Na2HPO4·12H2O 0.140574 0.087539 0.383020
15 CaCl2·6H2O 0.143521 0.082747 0.366244
16 Glauber’s salt (Na2SO4·10H2O) 0.154961 0.051579 0.249314

Table 12. Full ranking of TOPSIS results (descending order by C) for Zone 2, subtropical/moderate
tropical (~23 ◦C) (e.g., Miami, Panama, Brisbane).

Pos Material D+ D− C

1 n-Heptadecane (C17) 0.041773 0.184487 0.815376
2 Capric–Lauric eutectic 0.056020 0.180689 0.763340
3 1-Dodecanol 0.057922 0.180577 0.757139
4 Organic ester mixture 0.064604 0.163763 0.717104
5 Form-stable paraffin/HDPE 0.070172 0.163488 0.699682
6 PEG-600 0.075247 0.156129 0.674258
7 Rubitherm RT27 0.086618 0.139041 0.615740
8 Rubitherm RT31 0.089618 0.131854 0.595136
9 n-Nonadecane (C19) 0.093349 0.128602 0.579343

10 n-Octadecane (C18) 0.103606 0.115662 0.527562
11 Capric acid (C10) 0.112608 0.104306 0.480850
12 Fatty acid eutectic (C10–C12–C14) 0.113386 0.102753 0.475084
13 Na2CO3·10H2O 0.103696 0.119890 0.535123
14 Na2HPO4·12H2O 0.117436 0.101544 0.463479
15 CaCl2·6H2O 0.111421 0.106926 0.489759
16 Glauber’s salt (Na2SO4·10H2O) 0.119137 0.071677 0.375235

Table 13. Full ranking of TOPSIS results (descending order by C) for Zone 3, tropical hot/desert
(~28 ◦C) (e.g., Bangkok, Manila, Dubai).

Pos Material D+ D− C

1 n-Octadecane (C18) 0.038419 0.212015 0.846591
2 CaCl2·6H2O 0.035884 0.187908 0.839656
3 Rubitherm RT27 0.075337 0.180546 0.705581
4 Organic ester mixture 0.099454 0.129423 0.565470
5 Form-stable paraffin/HDPE 0.103158 0.129076 0.555800
6 n-Nonadecane (C19) 0.087222 0.163628 0.652445
7 Capric acid (C10) 0.100588 0.151987 0.601546
8 Fatty acid eutectic (C10–C12–C14) 0.095666 0.141126 0.595081
9 Rubitherm RT31 0.083267 0.147554 0.639434

10 Na2CO3·10H2O 0.068894 0.166497 0.707697
11 Na2HPO4·12H2O 0.069617 0.163620 0.701408
12 Glauber’s salt (Na2SO4·10H2O) 0.058245 0.124675 0.681342
13 PEG-600 0.122096 0.077555 0.388966
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Table 13. Cont.

Pos Material D+ D− C

14 1-Dodecanol 0.127950 0.070787 0.356201
15 n-Heptadecane (C17) 0.130648 0.066652 0.338028
16 Capric–Lauric eutectic 0.143736 0.044907 0.238641

3.5. PROMETHEE Method Results

The PROMETHEE II method was applied to rank phase change materials (PCMs)
based on net preference flows, offering a comprehensive view of how each alternative
dominates or is dominated by others across multiple criteria. In the temperate zone (~18 ◦C,
Table 14), n-Heptadecane (C17) achieved the highest net flow (ϕ = 0.208), confirming its
superior performance due to its low melting point and strong thermal storage properties.
PEG-600 and Capric–Lauric eutectic followed closely, reflecting their favorable thermal con-
ductivity and compatibility with cooler climates. In the subtropical zone (~23 ◦C, Table 15),
n-Heptadecane again ranked first (ϕ = 0.218), demonstrating consistent dominance across
criteria. Capric–Lauric eutectic and 1-Dodecanol also performed well, with melting points
near the target temperature and balanced thermal properties. In the tropical hot/desert
zone (~28 ◦C, Table 16), n-Octadecane (C18) emerged as the top-ranked PCM (ϕ = 0.264),
with its melting point precisely matching the climatic requirements and offering high
latent heat. Hydrated salts such as CaCl2·6H2O and Na2CO3·10H2O also showed strong
performance, benefiting from their high volumetric latent heat and density. These results
highlight PROMETHEE II’s ability to provide nuanced rankings by capturing both the
strengths and weaknesses of each PCM relative to that of the others.

Table 14. Full ranking of PROMETHEE results (descending order by C) for Zone 1, temperate (~18 ◦C)
(e.g., Madrid, Lisbon, Los Angeles).

Pos Material ϕ+ ϕ− ϕ

1 n-Heptadecane (C17) 0.529310 0.321391 0.207919
2 PEG-600 0.500103 0.322986 0.177117
3 Capric–Lauric eutectic 0.435630 0.308201 0.127429
4 1-Dodecanol 0.431029 0.315261 0.115768
5 Organic ester mixture 0.412854 0.330486 0.082368
6 Form-stable paraffin/HDPE 0.407731 0.328642 0.079089
7 Rubitherm RT27 0.369968 0.333616 0.036352
8 Rubitherm RT31 0.362686 0.336040 0.026647
9 n-Nonadecane (C19) 0.359037 0.338463 0.020574

10 n-Octadecane (C18) 0.351289 0.341199 0.010090
11 Fatty acid eutectic (C10–C12–C14) 0.334060 0.351772 −0.017713
12 Capric acid (C10) 0.333077 0.353606 −0.020529
13 Na2CO3·10H2O 0.332761 0.356431 −0.023670
14 Na2HPO4·12H2O 0.326285 0.363651 −0.037366
15 CaCl2·6H2O 0.317229 0.376412 −0.059183
16 Glauber’s salt (Na2SO4·10H2O) 0.262166 0.471361 −0.209195

Table 15. Full ranking of PROMETHEE results (descending order by C) for Zone 2, subtropi-
cal/moderate tropical (~23 ◦C) (e.g., Miami, Panama, Brisbane).

Pos Material ϕ+ ϕ− ϕ

1 n-Heptadecane (C17) 0.532666 0.314323 0.218343
2 Capric–Lauric eutectic 0.484479 0.318226 0.166253
3 1-Dodecanol 0.482546 0.317940 0.164606
4 Organic ester mixture 0.455346 0.331133 0.124213
5 Form-stable paraffin/HDPE 0.451280 0.331004 0.120276
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Table 15. Cont.

Pos Material ϕ+ ϕ− ϕ

6 PEG-600 0.448683 0.335328 0.113355
7 Rubitherm RT27 0.415163 0.345130 0.070033
8 Rubitherm RT31 0.404719 0.350521 0.054198
9 n-Nonadecane (C19) 0.401248 0.353160 0.048088

10 n-Octadecane (C18) 0.388964 0.363500 0.025463
11 Na2CO3·10H2O 0.370687 0.388919 −0.018232
12 Capric acid (C10) 0.378020 0.397390 −0.019370
13 Fatty acid eutectic (C10–C12–C14) 0.367438 0.409452 −0.042014
14 Na2HPO4·12H2O 0.352012 0.423882 −0.071870
15 CaCl2·6H2O 0.340652 0.437101 −0.096450
16 Glauber’s salt (Na2SO4·10H2O) 0.323064 0.456306 −0.133242

Table 16. Full ranking of PROMETHEE results (descending order by C) for Zone 23, tropical
hot/desert (~28 ◦C) (e.g., Bangkok, Manila, Dubai).

Pos Material ϕ+ ϕ− ϕ

1 n-Octadecane (C18) 0.547603 0.283488 0.264115
2 CaCl2·6H2O 0.531435 0.308198 0.223237
3 Na2CO3·10H2O 0.497408 0.333614 0.163793
4 Na2HPO4·12H2O 0.491107 0.339311 0.151796
5 Glauber’s salt (Na2SO4·10H2O) 0.474999 0.352047 0.122952
6 Rubitherm RT31 0.449452 0.361591 0.087861
7 n-Nonadecane (C19) 0.443042 0.367633 0.075409
8 Rubitherm RT27 0.442594 0.372679 0.069915
9 Organic ester mixture 0.397920 0.375103 0.022818

10 Form-stable paraffin/HDPE 0.397482 0.375668 0.021814
11 Capric acid (C10) 0.393613 0.381821 0.011792
12 Fatty acid eutectic (C10–C12–C14) 0.392445 0.382955 0.009490
13 PEG-600 0.328873 0.447772 −0.118899
14 1-Dodecanol 0.318332 0.456727 −0.138395
15 n-Heptadecane (C17) 0.310879 0.465060 −0.154181
16 Capric–Lauric eutectic 0.292257 0.477768 −0.185511

3.6. MOORA Method Results

The MOORA (Multi-Objective Optimization on the Basis of Ratio Analysis) method
was applied to rank phase change materials (PCMs) by aggregating weighted normalized
performance scores across multiple criteria. In the temperate zone (~18 ◦C, Table 17),
PEG-600 achieved the highest MOORA score, followed closely by n-Heptadecane (C17)
and Capric–Lauric eutectic. These materials demonstrated strong performance in terms
of melting point, volumetric latent heat, and density, aligning well with the thermal
requirements of cooler climates. In the subtropical zone (~23 ◦C, Table 18), Capric–Lauric
eutectic and 1-Dodecanol emerged as top performers, with melting points near the target
comfort range and balanced thermal properties. The organic ester mixture and form-
stable paraffin/HDPE also ranked highly due to their favorable latent heat and thermal
conductivity. In the tropical hot/desert zone (~28 ◦C, Table 19), n-Octadecane (C18) led the
rankings, supported by its ideal melting point and high latent heat of fusion. Hydrated salts
such as Na2CO3·10H2O and Na2HPO4·12H2O also performed well, benefiting from their
high volumetric latent heat and density. These results confirm MOORA’s effectiveness in
identifying PCMs that offer optimal thermal performance across diverse climatic conditions
through a straightforward and robust evaluation framework.
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4. Discussion

This study introduces a climate-responsive PCM selection framework that inte-
grates AHP-derived weights with five MCDM methods (COPRAS, VIKOR, TOPSIS,
MOORA, PROMETHEE II). Unlike prior works, it explicitly maps PCM melting points
to three climate zone set-points (18 ◦C, 23 ◦C, 28 ◦C), incorporates volumetric latent heat
as a key criterion, and performs a cross-method convergence analysis to validate ranking
robustness. This multi-zonal, multi-method approach provides a replicable and adaptable
model for PCM selection in sustainable building design. The mapping of the PCM melting
point to climate zones is based on the assumption that optimal indoor comfort ranges align
with average outdoor temperatures. Thus, PCMs with melting points near 18 ◦C, 23 ◦C,
and 28 ◦C are considered ideal for temperate, subtropical, and tropical zones, respectively.

The comparative evaluation of phase change materials (PCMs) using five multi-
criteria decision-making (MCDM) methods—COPRAS, VIKOR, TOPSIS, MOORA, and
PROMETHEE II—demonstrated consistent rankings across climate zones, reinforcing the
robustness of the AHP-derived weighting scheme and validating the methodological frame-
work. Across all methods, n-Heptadecane (C17) was consistently identified as the most
suitable PCM for temperate and subtropical climates, while n-Octadecane (C18) dominated
in tropical hot/desert zones. These findings align with the conclusions of Rastogi et al. [11],
who emphasized the importance of matching the PCM melting point with regional comfort
ranges to optimize thermal regulation and energy savings.

The strong performance of Capric–Lauric eutectic and 1-Dodecanol in subtropical
zones is consistent with the work of Kumar and Singh [23], who demonstrated the effec-
tiveness of hybrid AHP–TOPSIS models in identifying PCMs with balanced thermal and
physical properties. Similarly, the favorable rankings of fatty acid eutectics support the
work of Jha et al. [5], who highlighted the potential of bio-based PCMs for sustainable
building envelopes, particularly in warm climates.

In tropical zones, the high rankings of hydrated salts such as CaCl2·6H2O,
Na2CO3·10H2O, and Na2HPO4·12H2O reflect their superior volumetric latent heat and
density, despite their lower specific heat capacities. These results corroborate the work
of Mehling et al. [24], who emphasized the importance of volumetric energy density and
thermal conductivity in PCM selection for high-temperature applications. The findings
also align with the review by Wang et al. [2], which compared 33 MCDM algorithms and
confirmed the reliability of such methods in selecting optimal PCMs for thermal energy
storage systems.

The consistent top rankings of PEG-600 in temperate zones across the MOORA and
PROMETHEE II methods further validate the conclusions of Parameshwaran et al. [13],
who demonstrated the effectiveness of PEG-based systems in variable air volume HVAC
applications. Additionally, the performance of commercial blends such as Rubitherm
RT27 and RT31 across all zones supports the findings of Sun et al. [14], who showed their
economic viability and thermal efficiency under diverse climate conditions.

PEG-600 demonstrated consistently high performance in the temperate zone across
multiple MCDM methods. In the MOORA and PROMETHEE II evaluations, PEG-600
achieved an average normalized score of 0.953, with a 95% confidence interval of ±0.001,
based on weight perturbation analysis. This statistical robustness supports its suitability
for cooler climates, where its low melting point and high density contribute to effective
thermal regulation. The proximity of PEG-600’s score to that of the top-ranked PCM (C17)
further reinforces its inclusion in the acceptable set for temperate applications.

A summary and interpretation of the Spearman rank correlation matrices between
the five MCDM methods (COPRAS, VIKOR, TOPSIS, MOORA, PROMETHEE) for each
climate zone is provided below. For a temperate zone of 18 ◦C (Table 20), TOPSIS and
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MOORA show perfect agreement (ρ = 1.000). COPRAS is highly correlated with TOPSIS
and MOORA (ρ ≈ 0.99), but less so with VIKOR and PROMETHEE (ρ ≈ 0.81). VIKOR and
PROMETHEE are perfectly aligned (ρ = 1.000), suggesting similar ranking behavior.

For temperate zones at 23 ◦C (Table 21), TOPSIS and MOORA again show perfect
agreement. All methods are very strongly correlated (ρ > 0.92), indicating high consistency
in PCM rankings across methods in this zone.

For temperate zones at 23 ◦C (Table 22), TOPSIS and MOORA again perfectly
agree. COPRAS is highly aligned with TOPSIS and MOORA (ρ ≈ 0.997). VIKOR and
PROMETHEE are again perfectly correlated (ρ = 1.000) but show slightly lower agreement
with COPRAS, TOPSIS, and MOORA.

Table 20. Spearman rank correlation matrix between COPRAS, VIKOR, TOPSIS, MOORA, and
PROMETHEE for each climate zone at 18 ◦C.

COPRAS VIKOR TOPSIS MOORA PROMETHEE

COPRAS 1 0.8059 0.9912 0.9912 0.8059
VIKOR 0.8059 1 0.8618 0.8618 1
TOPSIS 0.9912 0.8618 1 1 0.8618

MOORA 0.9912 0.8618 1 1 0.8618
PROMETHEE 0.8059 1 0.8618 0.8618 1

Table 21. Spearman rank correlation matrix between COPRAS, VIKOR, TOPSIS, MOORA, and
PROMETHEE for each climate zone at 23 ◦C.

COPRAS VIKOR TOPSIS MOORA PROMETHEE

COPRAS 1 0.9206 0.9941 0.9941 0.9206
VIKOR 0.9206 1 0.9471 0.9471 1
TOPSIS 0.9941 0.9471 1 1 0.9471

MOORA 0.9941 0.9471 1 1 0.9471
PROMETHEE 0.9206 1 0.9471 0.9471 1

Table 22. Spearman rank correlation matrix between COPRAS, VIKOR, TOPSIS, MOORA, and
PROMETHEE for each climate zone at 28 ◦C.

COPRAS VIKOR TOPSIS MOORA PROMETHEE

COPRAS 1 0.8118 0.9971 0.9971 0.8118
VIKOR 0.8118 1 0.8147 0.8147 1
TOPSIS 0.9971 0.8147 1 1 0.8147

MOORA 0.9971 0.8147 1 1 0.8147
PROMETHEE 0.8118 1 0.8147 0.8147 1

Overall, the convergence of results across MCDM methods and their alignment with
prior studies confirm the validity of the proposed framework. The integration of thermal,
physical, and economic criteria ensures a comprehensive assessment of PCM suitability,
offering a reliable decision-making tool for climate-responsive building design.

In addition to the thermophysical properties considered in the MCDM model, it has
been taken into account that materials based on hydrated salts, such as CaCl2·6H2O and
Na2CO3·10H2O, exhibit additional characteristics relevant to their implementation in build-
ing systems. Specifically, their hygroscopic nature can lead to the absorption of ambient
moisture, which affects the material’s stability and thermal storage capacity. Furthermore,
the risk of leakage during the fusion process necessitates appropriate encapsulation solu-
tions to prevent loss of active mass and structural damage. Although these variables have
not been explicitly modeled in the decision matrix, they are recognized as critical factors
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in system design. The use of airtight encapsulations, corrosion-resistant materials, and
thermal cycling tests is recommended to ensure the technical feasibility and durability of
these PCMs in real-world applications.

A complete decision matrix for each climate zone (including values after any transfor-
mations), the exact normalization routine per method, and the scripts/spreadsheets are
provided in Appendix A.

5. Conclusions

This study presents a comprehensive and climate-responsive framework for selecting
phase change materials (PCMs) for building applications using a multi-criteria decision-
making (MCDM) approach. By integrating the Analytic Hierarchy Process (AHP) for
criteria weighting with five distinct MCDM methods—COPRAS, VIKOR, TOPSIS, MOORA,
and PROMETHEE II—the methodology ensures a robust, transparent, and adaptable
evaluation of PCM alternatives across diverse climatic zones.

The use of multiple decision models not only enhances the reliability of the selection
process but also provides a multidimensional perspective on material performance, captur-
ing trade-offs between thermal, physical, and economic properties. This approach enables
designers and engineers to make informed decisions tailored to specific environmental
conditions and building requirements.

The robustness of PCM rankings was evaluated by applying five distinct MCDM
methods—COPRAS, VIKOR, TOPSIS, MOORA, and PROMETHEE II—using a consistent
set of AHP-derived weights. Across all climate zones, the top-ranked materials (e.g.,
n-Heptadecane for temperate and subtropical zones; n-Octadecane and CaCl2·6H2O for
tropical zones) showed strong convergence in the rankings, indicating high agreement
among methods. This cross-method consistency suggests that the selection framework is
resilient to methodological biases. Furthermore, sensitivity analysis of the AHP weighting
matrix confirmed that moderate perturbations in criteria weights did not significantly alter
the top-ranked PCMs, reinforcing the stability of the decision outcomes. These findings
validate the reliability of the proposed approach for climate-responsive PCM selection in
building applications.

Beyond its technical rigor, the framework contributes to the broader goals of sustain-
able building design by promoting materials that enhance energy efficiency and occupant
comfort. It also offers a replicable model for future studies aiming to optimize material
selection in other domains in which multiple performance criteria must be balanced.

The methodology proposed in this study can be adopted as a practical and replicable
template for PCM selection in climate-responsive building applications. The process is
as follows: (1) the local thermal comfort band is defined based on established standards
such as EN 16798-1 or ASHRAE 55; (2) a shortlist of PCM candidates is compiled based on
melting point compatibility and availability; (3) a decision matrix is populated with ther-
mophysical and operational data sourced from literature and vendor datasheets; (4) AHP
is applied to derive weights for each criterion, although these can be adapted to reflect
stakeholder-specific priorities; (5) multiple MCDM methods are executed to rank the alter-
natives, and a consensus ranking is reported to ensure robustness; finally, (6) sensitivity
analysis and system-level constraints—such as encapsulation feasibility, cost, and long-
term stability—are considered to validate the practical suitability of the selected PCMs.
This structured approach supports informed decision making and can be tailored to diverse
climatic contexts and building typologies.

Despite the robustness of the proposed methodology, several limitations should be
acknowledged. First, the property data used in the decision matrices were sourced from
a combination of vendor datasheets and literature, which may vary in regards to mea-
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surement conditions, formats, and precision, introducing heterogeneity that could affect
comparability. Second, important operational attributes such as thermal cycling stability
and subcooling behavior were not included in the current model due to limited standard-
ized data, although they are critical for long-term performance. Third, the study does
not incorporate dynamic building simulations to validate the real-world impact of PCM
integration on thermal comfort or energy savings. Lastly, regional variability in PCM
availability and pricing was not modeled, which may influence practical feasibility across
different markets. Future work should address these aspects by integrating dynamic simu-
lation tools (e.g., EnergyPlus or Modelica), conducting life cycle assessments (LCA), and
performing sensitivity analyses on installed costs and supply constraints to enhance the
applicability of the framework in diverse building contexts.

Future work may extend this methodology by incorporating lifecycle assessments,
dynamic building simulations, and real-world validation to further refine PCM selection
and integration strategies.
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Appendix A

Appendix A includes the complete decision matrices for all climate zones (with values
after any applied transformations), detailed descriptions of the normalization procedures
for each method, as well as the corresponding scripts and spreadsheets.

Table A1. Zone 18 ◦C decision matrix.

Material Tm (◦C) Score ΔHfus (kJ/kg)
Vol. Latent

Heat (MJ/m3)
k (W/m·K) Cp (kJ/kg·K) ρ (kg/m3)

n-Heptadecane (C17) 0.764705882 225 173 0.2 2.1 770
n-Octadecane (C18) 0.411764706 244 189 0.2 2.1 775
n-Nonadecane (C19) 0.176470588 250 195 0.2 2.1 780

Rubitherm RT27 0.470588235 120 92 0.2 2 770
Rubitherm RT31 0.235294118 115 89 0.2 2 777
Capric acid (C10) 0.2 150 141 0.18 2.1 940

Capric–Lauric eutectic 0.647058824 160 144 0.18 2.1 900
Fatty acid eutectic (C10–C12–C14) 0 150 132 0.18 2 880

1-Dodecanol 0.647058824 160 130 0.17 2 813
PEG-600 0.882352941 120 132 0.25 1.9 1100

Glauber’s salt (Na2SO4·10H2O) 0.152941176 254 381 0.6 1.4 1500
CaCl2·6H2O 0.352941176 190 323 0.6 1.3 1700

Na2HPO4·12H2O 0 200 320 0.5 1.4 1600
Na2CO3·10H2O 0.176470588 190 276 0.6 1.4 1450

Form-stable paraffin/HDPE 0.588235294 120 108 0.25 1.9 900
Organic ester mixture 0.588235294 140 126 0.18 2 900

Table A2. Zone 18 ◦C COPRAS normalized matrix.

Material Tm (◦C) Score ΔHfus (kJ/kg)
Vol. Latent

Heat (MJ/m3)
k (W/m·K) Cp (kJ/kg·K) ρ (kg/m3)

n-Heptadecane (C17) 0.121495327 0.080703013 0.058624195 0.042643923 0.070469799 0.046511628
n-Octadecane (C18) 0.065420561 0.087517934 0.064046086 0.042643923 0.070469799 0.046813651
n-Nonadecane (C19) 0.028037383 0.089670014 0.066079295 0.042643923 0.070469799 0.047115675

Rubitherm RT27 0.074766355 0.043041607 0.031175873 0.042643923 0.067114094 0.046511628

143



Energies 2025, 18, 5982

Table A2. Cont.

Material Tm (◦C) Score ΔHfus (kJ/kg)
Vol. Latent

Heat (MJ/m3)
k (W/m·K) Cp (kJ/kg·K) ρ (kg/m3)

Rubitherm RT31 0.037383178 0.041248207 0.030159268 0.042643923 0.067114094 0.046934461
Capric acid (C10) 0.031775701 0.053802009 0.047780413 0.038379531 0.070469799 0.056780429

Capric–Lauric eutectic 0.102803738 0.057388809 0.048797018 0.038379531 0.070469799 0.05436424
Fatty acid eutectic (C10–C12–C14) 0 0.053802009 0.0447306 0.038379531 0.067114094 0.053156146

1-Dodecanol 0.102803738 0.057388809 0.044052863 0.036247335 0.067114094 0.049109031
PEG-600 0.140186916 0.043041607 0.0447306 0.053304904 0.063758389 0.066445183

Glauber’s salt (Na2SO4·10H2O) 0.024299065 0.091104735 0.129108777 0.12793177 0.046979866 0.090607067
CaCl2·6H2O 0.056074766 0.068149211 0.109454422 0.12793177 0.043624161 0.10268801

Na2HPO4·12H2O 0 0.071736011 0.108437818 0.106609808 0.046979866 0.096647539
Na2CO3·10H2O 0.028037383 0.068149211 0.093527618 0.12793177 0.046979866 0.087586832

Form-stable paraffin/HDPE 0.093457944 0.043041607 0.036597763 0.053304904 0.063758389 0.05436424
Organic ester mixture 0.093457944 0.050215208 0.042697391 0.038379531 0.067114094 0.05436424

Table A3. Zone 18 ◦C COPRAS weighted matrix.

Material Tm (◦C) Score ΔHfus (kJ/kg)
Vol. Latent

Heat (MJ/m3)
k (W/m·K) Cp (kJ/kg·K) ρ (kg/m3)

n-Heptadecane (C17) 0.0577 0.0207 0.0079 0.0029 0.0023 0.0015
n-Octadecane (C18) 0.0311 0.0225 0.0086 0.0029 0.0023 0.0015
n-Nonadecane (C19) 0.0133 0.0230 0.0089 0.0029 0.0023 0.0016

Rubitherm RT27 0.0355 0.0111 0.0042 0.0029 0.0022 0.0015
Rubitherm RT31 0.0178 0.0106 0.0041 0.0029 0.0022 0.0015
Capric acid (C10) 0.0151 0.0138 0.0065 0.0026 0.0023 0.0019

Capric–Lauric eutectic 0.0488 0.0147 0.0066 0.0026 0.0023 0.0018
Fatty acid eutectic (C10–C12–C14) 0.0000 0.0138 0.0060 0.0026 0.0022 0.0018

1-Dodecanol 0.0488 0.0147 0.0059 0.0025 0.0022 0.0016
PEG-600 0.0666 0.0111 0.0060 0.0036 0.0021 0.0022

Glauber’s salt (Na2SO4·10H2O) 0.0115 0.0234 0.0174 0.0087 0.0016 0.0030
CaCl2·6H2O 0.0266 0.0175 0.0148 0.0087 0.0014 0.0034

Na2HPO4·12H2O 0.0000 0.0184 0.0146 0.0072 0.0016 0.0032
Na2CO3·10H2O 0.0133 0.0175 0.0126 0.0087 0.0016 0.0029

Form-stable paraffin/HDPE 0.0444 0.0111 0.0049 0.0036 0.0021 0.0018
Organic ester mixture 0.0444 0.0129 0.0058 0.0026 0.0022 0.0018

Table A4. Zone 18 ◦C VIKOR normalized matrix.

Material Tm (◦C) Score ΔHfus (kJ/kg)
Vol. Latent

Heat (MJ/m3)
k (W/m·K) Cp (kJ/kg·K) ρ (kg/m3)

n-Heptadecane (C17) 0.0577 0.0207 0.0079 0.0029 0.0023 0.0015
n-Octadecane (C18) 0.0311 0.0225 0.0086 0.0029 0.0023 0.0015
n-Nonadecane (C19) 0.0133 0.0230 0.0089 0.0029 0.0023 0.0016

Rubitherm RT27 0.0355 0.0111 0.0042 0.0029 0.0022 0.0015
Rubitherm RT31 0.0178 0.0106 0.0041 0.0029 0.0022 0.0015
Capric acid (C10) 0.0151 0.0138 0.0065 0.0026 0.0023 0.0019

Capric–Lauric eutectic 0.0488 0.0147 0.0066 0.0026 0.0023 0.0018
Fatty acid eutectic (C10–C12–C14) 0.0000 0.0138 0.0060 0.0026 0.0022 0.0018

1-Dodecanol 0.0488 0.0147 0.0059 0.0025 0.0022 0.0016
PEG-600 0.0666 0.0111 0.0060 0.0036 0.0021 0.0022

Glauber’s salt (Na2SO4·10H2O) 0.0115 0.0234 0.0174 0.0087 0.0016 0.0030
CaCl2·6H2O 0.0266 0.0175 0.0148 0.0087 0.0014 0.0034

Na2HPO4·12H2O 0.0000 0.0184 0.0146 0.0072 0.0016 0.0032
Na2CO3·10H2O 0.0133 0.0175 0.0126 0.0087 0.0016 0.0029

Form-stable paraffin/HDPE 0.0444 0.0111 0.0049 0.0036 0.0021 0.0018
Organic ester mixture 0.0444 0.0129 0.0058 0.0026 0.0022 0.0018
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Table A5. Zone 18 ◦C VIKOR weighted matrix.

Material Tm (◦C) Score ΔHfus (kJ/kg)
Vol. Latent

Heat (MJ/m3)
k (W/m·K) Cp (kJ/kg·K) ρ (kg/m3)

n-Heptadecane (C17) 0.4117 0.2034 0.0388 0.0047 0.0330 0.0000
n-Octadecane (C18) 0.2217 0.2385 0.0462 0.0047 0.0330 0.0002
n-Nonadecane (C19) 0.0950 0.2496 0.0490 0.0047 0.0330 0.0004

Rubitherm RT27 0.2533 0.0092 0.0014 0.0047 0.0289 0.0000
Rubitherm RT31 0.1267 0.0000 0.0000 0.0047 0.0289 0.0002
Capric acid (C10) 0.1077 0.0647 0.0240 0.0016 0.0330 0.0060

Capric–Lauric eutectic 0.3483 0.0832 0.0254 0.0016 0.0330 0.0046
Fatty acid eutectic (C10–C12–C14) 0.0000 0.0647 0.0199 0.0016 0.0289 0.0039

1-Dodecanol 0.3483 0.0832 0.0190 0.0000 0.0289 0.0015
PEG-600 0.4750 0.0092 0.0199 0.0127 0.0248 0.0117

Glauber’s salt (Na2SO4·10H2O) 0.0823 0.2570 0.1350 0.0680 0.0041 0.0259
CaCl2·6H2O 0.1900 0.1387 0.1082 0.0680 0.0000 0.0330

Na2HPO4·12H2O 0.0000 0.1572 0.1068 0.0522 0.0041 0.0295
Na2CO3·10H2O 0.0950 0.1387 0.0865 0.0680 0.0041 0.0241

Form-stable paraffin/HDPE 0.3167 0.0092 0.0088 0.0127 0.0248 0.0046
Organic ester mixture 0.3167 0.0462 0.0171 0.0016 0.0289 0.0046

Table A6. Zone 18 ◦C TOPSIS normalized matrix.

Material Tm (◦C) Score ΔHfus (kJ/kg)
Vol. Latent

Heat (MJ/m3)
k (W/m·K) Cp (kJ/kg·K) ρ (kg/m3)

n-Heptadecane (C17) 0.40363 0.31154 0.21166 0.14852 0.27854 0.17778
n-Octadecane (C18) 0.21734 0.33785 0.23124 0.14852 0.27854 0.17893
n-Nonadecane (C19) 0.09315 0.34615 0.23858 0.14852 0.27854 0.18009

Rubitherm RT27 0.24839 0.16615 0.11256 0.14852 0.26528 0.17778
Rubitherm RT31 0.12419 0.15923 0.10889 0.14852 0.26528 0.17939
Capric acid (C10) 0.10557 0.20769 0.17251 0.13366 0.27854 0.21703

Capric–Lauric eutectic 0.34154 0.22154 0.17618 0.13366 0.27854 0.20779
Fatty acid eutectic (C10–C12–C14) 0.00000 0.20769 0.16150 0.13366 0.26528 0.20317

1-Dodecanol 0.34154 0.22154 0.15905 0.12624 0.26528 0.18770
PEG-600 0.46573 0.16615 0.16150 0.18564 0.25202 0.25397

Glauber’s salt (Na2SO4·10H2O) 0.08073 0.35169 0.46615 0.44555 0.18570 0.34632
CaCl2·6H2O 0.18629 0.26308 0.39519 0.44555 0.17243 0.39249

Na2HPO4·12H2O 0.00000 0.27692 0.39152 0.37129 0.18570 0.36941
Na2CO3·10H2O 0.09315 0.26308 0.33768 0.44555 0.18570 0.33477

Form-stable paraffin/HDPE 0.31049 0.16615 0.13214 0.18564 0.25202 0.20779
Organic ester mixture 0.31049 0.19385 0.15416 0.13366 0.26528 0.20779

Table A7. Zone 18 ◦C TOPSIS weighted matrix.

Material Tm (◦C) Score ΔHfus (kJ/kg)
Vol. Latent

Heat (MJ/m3)
k (W/m·K) Cp (kJ/kg·K) ρ (kg/m3)

n-Heptadecane (C17) 0.1917 0.0801 0.0286 0.0101 0.0092 0.0059
n-Octadecane (C18) 0.1032 0.0868 0.0312 0.0101 0.0092 0.0059
n-Nonadecane (C19) 0.0442 0.0890 0.0322 0.0101 0.0092 0.0059

Rubitherm RT27 0.1180 0.0427 0.0152 0.0101 0.0088 0.0059
Rubitherm RT31 0.0590 0.0409 0.0147 0.0101 0.0088 0.0059
Capric acid (C10) 0.0501 0.0534 0.0233 0.0091 0.0092 0.0072

Capric–Lauric eutectic 0.1622 0.0569 0.0238 0.0091 0.0092 0.0069
Fatty acid eutectic (C10–C12–C14) 0.0000 0.0534 0.0218 0.0091 0.0088 0.0067

1-Dodecanol 0.1622 0.0569 0.0215 0.0086 0.0088 0.0062
PEG-600 0.2212 0.0427 0.0218 0.0126 0.0083 0.0084

Glauber’s salt (Na2SO4·10H2O) 0.0383 0.0904 0.0629 0.0303 0.0061 0.0114
CaCl2·6H2O 0.0885 0.0676 0.0534 0.0303 0.0057 0.0130

Na2HPO4·12H2O 0.0000 0.0712 0.0529 0.0252 0.0061 0.0122
Na2CO3·10H2O 0.0442 0.0676 0.0456 0.0303 0.0061 0.0110

Form-stable paraffin/HDPE 0.1475 0.0427 0.0178 0.0126 0.0083 0.0069
Organic ester mixture 0.1475 0.0498 0.0208 0.0091 0.0088 0.0069
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Table A8. Zone 18 ◦C MOORA normalized matrix.

Material Tm (◦C) Score ΔHfus (kJ/kg)
Vol. Latent

Heat (MJ/m3)
k (W/m·K) Cp (kJ/kg·K) ρ (kg/m3)

n-Heptadecane (C17) 0.40363 0.31154 0.21166 0.14852 0.27854 0.17778
n-Octadecane (C18) 0.21734 0.33785 0.23124 0.14852 0.27854 0.17893
n-Nonadecane (C19) 0.09315 0.34615 0.23858 0.14852 0.27854 0.18009

Rubitherm RT27 0.24839 0.16615 0.11256 0.14852 0.26528 0.17778
Rubitherm RT31 0.12419 0.15923 0.10889 0.14852 0.26528 0.17939
Capric acid (C10) 0.10557 0.20769 0.17251 0.13366 0.27854 0.21703

Capric–Lauric eutectic 0.34154 0.22154 0.17618 0.13366 0.27854 0.20779
Fatty acid eutectic (C10–C12–C14) 0.00000 0.20769 0.16150 0.13366 0.26528 0.20317

1-Dodecanol 0.34154 0.22154 0.15905 0.12624 0.26528 0.18770
PEG-600 0.46573 0.16615 0.16150 0.18564 0.25202 0.25397

Glauber’s salt (Na2SO4·10H2O) 0.08073 0.35169 0.46615 0.44555 0.18570 0.34632
CaCl2·6H2O 0.18629 0.26308 0.39519 0.44555 0.17243 0.39249

Na2HPO4·12H2O 0.00000 0.27692 0.39152 0.37129 0.18570 0.36941
Na2CO3·10H2O 0.09315 0.26308 0.33768 0.44555 0.18570 0.33477

Form-stable paraffin/HDPE 0.31049 0.16615 0.13214 0.18564 0.25202 0.20779
Organic ester mixture 0.31049 0.19385 0.15416 0.13366 0.26528 0.20779

Table A9. Zone 18 ◦C MOORA weighted matrix.

Material Tm (◦C) Score ΔHfus (kJ/kg)
Vol. Latent

Heat (MJ/m3)
k (W/m·K) Cp (kJ/kg·K) ρ (kg/m3)

n-Heptadecane (C17) 0.19173 0.08007 0.02857 0.01010 0.00919 0.00587
n-Octadecane (C18) 0.10324 0.08683 0.03122 0.01010 0.00919 0.00590
n-Nonadecane (C19) 0.04424 0.08896 0.03221 0.01010 0.00919 0.00594

Rubitherm RT27 0.11799 0.04270 0.01520 0.01010 0.00875 0.00587
Rubitherm RT31 0.05899 0.04092 0.01470 0.01010 0.00875 0.00592
Capric acid (C10) 0.05014 0.05338 0.02329 0.00909 0.00919 0.00716

Capric–Lauric eutectic 0.16223 0.05694 0.02378 0.00909 0.00919 0.00686
Fatty acid eutectic (C10–C12–C14) 0.00000 0.05338 0.02180 0.00909 0.00875 0.00670

1-Dodecanol 0.16223 0.05694 0.02147 0.00858 0.00875 0.00619
PEG-600 0.22122 0.04270 0.02180 0.01262 0.00832 0.00838

Glauber’s salt (Na2SO4·10H2O) 0.03835 0.09039 0.06293 0.03030 0.00613 0.01143
CaCl2·6H2O 0.08849 0.06761 0.05335 0.03030 0.00569 0.01295

Na2HPO4·12H2O 0.00000 0.07117 0.05285 0.02525 0.00613 0.01219
Na2CO3·10H2O 0.04424 0.06761 0.04559 0.03030 0.00613 0.01105

Form-stable paraffin/HDPE 0.14748 0.04270 0.01784 0.01262 0.00832 0.00686
Organic ester mixture 0.14748 0.04982 0.02081 0.00909 0.00875 0.00686
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Table A11. Zone 23 ◦C decision matrix.

Material Tm (◦C) Score ΔHfus (kJ/kg)
Vol. Latent

Heat (MJ/m3)
k (W/m·K) Cp (kJ/kg·K) ρ (kg/m3)

n-Heptadecane (C17) 0.916666667 225 173 0.2 2.1 770
n-Octadecane (C18) 0.583333333 244 189 0.2 2.1 775
n-Nonadecane (C19) 0.25 250 195 0.2 2.1 780

Rubitherm RT27 0.666666667 120 92 0.2 2 770
Rubitherm RT31 0.333333333 115 89 0.2 2 777
Capric acid (C10) 0.283333333 150 141 0.18 2.1 940

Capric–Lauric eutectic 0.916666667 160 144 0.18 2.1 900
Fatty acid eutectic (C10–C12–C14) 0 150 132 0.18 2 880

1-Dodecanol 0.916666667 160 130 0.17 2 813
PEG-600 0.75 120 132 0.25 1.9 1100

Glauber’s salt (Na2SO4·10H2O) 0.216666667 254 381 0.6 1.4 1500
CaCl2·6H2O 0.5 190 323 0.6 1.3 1700

Na2HPO4·12H2O 0 200 320 0.5 1.4 1600
Na2CO3·10H2O 0.25 190 276 0.6 1.4 1450

Form-stable paraffin/HDPE 0.833333333 120 108 0.25 1.9 900
Organic ester mixture 0.833333333 140 126 0.18 2 900

Table A12. Zone 23 ◦C COPRAS normalized matrix.

Material Tm (◦C) Score ΔHfus (kJ/kg)
Vol. Latent

Heat (MJ/m3)
k (W/m·K) Cp (kJ/kg·K) ρ (kg/m3)

n-Heptadecane (C17) 0.1111 0.0807 0.0586 0.0426 0.0705 0.0465
n-Octadecane (C18) 0.0707 0.0875 0.0640 0.0426 0.0705 0.0468
n-Nonadecane (C19) 0.0303 0.0897 0.0661 0.0426 0.0705 0.0471

Rubitherm RT27 0.0808 0.0430 0.0312 0.0426 0.0671 0.0465
Rubitherm RT31 0.0404 0.0412 0.0302 0.0426 0.0671 0.0469
Capric acid (C10) 0.0343 0.0538 0.0478 0.0384 0.0705 0.0568

Capric–Lauric eutectic 0.1111 0.0574 0.0488 0.0384 0.0705 0.0544
Fatty acid eutectic (C10–C12–C14) 0.0000 0.0538 0.0447 0.0384 0.0671 0.0532

1-Dodecanol 0.1111 0.0574 0.0441 0.0362 0.0671 0.0491
PEG-600 0.0909 0.0430 0.0447 0.0533 0.0638 0.0664

Glauber’s salt (Na2SO4·10H2O) 0.0263 0.0911 0.1291 0.1279 0.0470 0.0906
CaCl2·6H2O 0.0606 0.0681 0.1095 0.1279 0.0436 0.1027

Na2HPO4·12H2O 0.0000 0.0717 0.1084 0.1066 0.0470 0.0966
Na2CO3·10H2O 0.0303 0.0681 0.0935 0.1279 0.0470 0.0876

Form-stable paraffin/HDPE 0.1010 0.0430 0.0366 0.0533 0.0638 0.0544
Organic ester mixture 0.1010 0.0502 0.0427 0.0384 0.0671 0.0544

Table A13. Zone 23 ◦C COPRAS weighted matrix.

Material Tm (◦C) Score ΔHfus (kJ/kg)
Vol. Latent

Heat (MJ/m3)
k (W/m·K) Cp (kJ/kg·K) ρ (kg/m3)

n-Heptadecane (C17) 0.0528 0.0207 0.0079 0.0029 0.0023 0.0015
n-Octadecane (C18) 0.0336 0.0225 0.0086 0.0029 0.0023 0.0015
n-Nonadecane (C19) 0.0144 0.0230 0.0089 0.0029 0.0023 0.0016

Rubitherm RT27 0.0384 0.0111 0.0042 0.0029 0.0022 0.0015
Rubitherm RT31 0.0192 0.0106 0.0041 0.0029 0.0022 0.0015
Capric acid (C10) 0.0163 0.0138 0.0065 0.0026 0.0023 0.0019

Capric–Lauric eutectic 0.0528 0.0147 0.0066 0.0026 0.0023 0.0018
Fatty acid eutectic (C10–C12–C14) 0.0000 0.0138 0.0060 0.0026 0.0022 0.0018

1-Dodecanol 0.0528 0.0147 0.0059 0.0025 0.0022 0.0016
PEG-600 0.0432 0.0111 0.0060 0.0036 0.0021 0.0022

Glauber’s salt (Na2SO4·10H2O) 0.0125 0.0234 0.0174 0.0087 0.0016 0.0030
CaCl2·6H2O 0.0288 0.0175 0.0148 0.0087 0.0014 0.0034

Na2HPO4·12H2O 0.0000 0.0184 0.0146 0.0072 0.0016 0.0032
Na2CO3·10H2O 0.0144 0.0175 0.0126 0.0087 0.0016 0.0029

Form-stable paraffin/HDPE 0.0480 0.0111 0.0049 0.0036 0.0021 0.0018
Organic ester mixture 0.0480 0.0129 0.0058 0.0026 0.0022 0.0018
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Table A14. Zone 23 ◦C VIKOR normalized matrix.

Material Tm (◦C) Score ΔHfus (kJ/kg)
Vol. Latent

Heat (MJ/m3)
k (W/m·K) Cp (kJ/kg·K) ρ (kg/m3)

n-Heptadecane (C17) 1.00000 0.79137 0.28767 0.06977 1.00000 0.00000
n-Octadecane (C18) 0.63636 0.92806 0.34247 0.06977 1.00000 0.00538
n-Nonadecane (C19) 0.27273 0.97122 0.36301 0.06977 1.00000 0.01075

Rubitherm RT27 0.72727 0.03597 0.01027 0.06977 0.87500 0.00000
Rubitherm RT31 0.36364 0.00000 0.00000 0.06977 0.87500 0.00753
Capric acid (C10) 0.30909 0.25180 0.17808 0.02326 1.00000 0.18280

Capric–Lauric eutectic 1.00000 0.32374 0.18836 0.02326 1.00000 0.13978
Fatty acid eutectic (C10–C12–C14) 0.00000 0.25180 0.14726 0.02326 0.87500 0.11828

1-Dodecanol 1.00000 0.32374 0.14041 0.00000 0.87500 0.04624
PEG-600 0.81818 0.03597 0.14726 0.18605 0.75000 0.35484

Glauber’s salt (Na2SO4·10H2O) 0.23636 1.00000 1.00000 1.00000 0.12500 0.78495
CaCl2·6H2O 0.54545 0.53957 0.80137 1.00000 0.00000 1.00000

Na2HPO4·12H2O 0.00000 0.61151 0.79110 0.76744 0.12500 0.89247
Na2CO3·10H2O 0.27273 0.53957 0.64041 1.00000 0.12500 0.73118

Form-stable paraffin/HDPE 0.90909 0.03597 0.06507 0.18605 0.75000 0.13978
Organic ester mixture 0.90909 0.17986 0.12671 0.02326 0.87500 0.13978

Table A15. Zone 23 ◦C VIKOR weighted matrix.

Material Tm (◦C) Score ΔHfus (kJ/kg)
Vol. Latent

Heat (MJ/m3)
k (W/m·K) Cp (kJ/kg·K) ρ (kg/m3)

n-Heptadecane (C17) 0.47500 0.20338 0.03884 0.00474 0.03300 0.00000
n-Octadecane (C18) 0.30227 0.23851 0.04623 0.00474 0.03300 0.00018
n-Nonadecane (C19) 0.12955 0.24960 0.04901 0.00474 0.03300 0.00035

Rubitherm RT27 0.34545 0.00924 0.00139 0.00474 0.02888 0.00000
Rubitherm RT31 0.17273 0.00000 0.00000 0.00474 0.02888 0.00025
Capric acid (C10) 0.14682 0.06471 0.02404 0.00158 0.03300 0.00603

Capric–Lauric eutectic 0.47500 0.08320 0.02543 0.00158 0.03300 0.00461
Fatty acid eutectic (C10–C12–C14) 0.00000 0.06471 0.01988 0.00158 0.02888 0.00390

1-Dodecanol 0.47500 0.08320 0.01896 0.00000 0.02888 0.00153
PEG-600 0.38864 0.00924 0.01988 0.01265 0.02475 0.01171

Glauber’s salt (Na2SO4·10H2O) 0.11227 0.25700 0.13500 0.06800 0.00412 0.02590
CaCl2·6H2O 0.25909 0.13867 0.10818 0.06800 0.00000 0.03300

Na2HPO4·12H2O 0.00000 0.15716 0.10680 0.05219 0.00412 0.02945
Na2CO3·10H2O 0.12955 0.13867 0.08646 0.06800 0.00412 0.02413

Form-stable paraffin/HDPE 0.43182 0.00924 0.00878 0.01265 0.02475 0.00461
Organic ester mixture 0.43182 0.04622 0.01711 0.00158 0.02888 0.00461

Table A16. Zone 23 ◦C TOPSIS normalized matrix.

Material Tm (◦C) Score ΔHfus (kJ/kg)
Vol. Latent

Heat (MJ/m3)
k (W/m·K) Cp (kJ/kg·K) ρ (kg/m3)

n-Heptadecane (C17) 0.3783 0.3115 0.2117 0.1485 0.2785 0.1778
n-Octadecane (C18) 0.2408 0.3378 0.2312 0.1485 0.2785 0.1789
n-Nonadecane (C19) 0.1032 0.3462 0.2386 0.1485 0.2785 0.1801

Rubitherm RT27 0.2752 0.1662 0.1126 0.1485 0.2653 0.1778
Rubitherm RT31 0.1376 0.1592 0.1089 0.1485 0.2653 0.1794
Capric acid (C10) 0.1169 0.2077 0.1725 0.1337 0.2785 0.2170

Capric–Lauric eutectic 0.3783 0.2215 0.1762 0.1337 0.2785 0.2078
Fatty acid eutectic (C10–C12–C14) 0.0000 0.2077 0.1615 0.1337 0.2653 0.2032

1-Dodecanol 0.3783 0.2215 0.1591 0.1262 0.2653 0.1877
PEG-600 0.3096 0.1662 0.1615 0.1856 0.2520 0.2540

Glauber’s salt (Na2SO4·10H2O) 0.0894 0.3517 0.4662 0.4455 0.1857 0.3463
CaCl2·6H2O 0.2064 0.2631 0.3952 0.4455 0.1724 0.3925

Na2HPO4·12H2O 0.0000 0.2769 0.3915 0.3713 0.1857 0.3694
Na2CO3·10H2O 0.1032 0.2631 0.3377 0.4455 0.1857 0.3348

Form-stable paraffin/HDPE 0.3439 0.1662 0.1321 0.1856 0.2520 0.2078
Organic ester mixture 0.3439 0.1938 0.1542 0.1337 0.2653 0.2078
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Table A17. Zone 23 ◦C TOPSIS weighted matrix.

Material Tm (◦C) Score ΔHfus (kJ/kg)
Vol. Latent

Heat (MJ/m3)
k (W/m·K) Cp (kJ/kg·K) ρ (kg/m3)

n-Heptadecane (C17) 0.17971 0.08007 0.02857 0.01010 0.00919 0.00587
n-Octadecane (C18) 0.11436 0.08683 0.03122 0.01010 0.00919 0.00590
n-Nonadecane (C19) 0.04901 0.08896 0.03221 0.01010 0.00919 0.00594

Rubitherm RT27 0.13070 0.04270 0.01520 0.01010 0.00875 0.00587
Rubitherm RT31 0.06535 0.04092 0.01470 0.01010 0.00875 0.00592
Capric acid (C10) 0.05555 0.05338 0.02329 0.00909 0.00919 0.00716

Capric–Lauric eutectic 0.17971 0.05694 0.02378 0.00909 0.00919 0.00686
Fatty acid eutectic (C10–C12–C14) 0.00000 0.05338 0.02180 0.00909 0.00875 0.00670

1-Dodecanol 0.17971 0.05694 0.02147 0.00858 0.00875 0.00619
PEG-600 0.14704 0.04270 0.02180 0.01262 0.00832 0.00838

Glauber’s salt (Na2SO4·10H2O) 0.04248 0.09039 0.06293 0.03030 0.00613 0.01143
CaCl2·6H2O 0.09802 0.06761 0.05335 0.03030 0.00569 0.01295

Na2HPO4·12H2O 0.00000 0.07117 0.05285 0.02525 0.00613 0.01219
Na2CO3·10H2O 0.04901 0.06761 0.04559 0.03030 0.00613 0.01105

Form-stable paraffin/HDPE 0.16337 0.04270 0.01784 0.01262 0.00832 0.00686
Organic ester mixture 0.16337 0.04982 0.02081 0.00909 0.00875 0.00686

Table A18. Zone 23 ◦C MOORA normalized matrix.

Material Tm (◦C) Score ΔHfus (kJ/kg)
Vol. Latent

Heat (MJ/m3)
k (W/m·K) Cp (kJ/kg·K) ρ (kg/m3)

n-Heptadecane (C17) 0.37834 0.31154 0.21166 0.14852 0.27854 0.17778
n-Octadecane (C18) 0.24076 0.33785 0.23124 0.14852 0.27854 0.17893
n-Nonadecane (C19) 0.10318 0.34615 0.23858 0.14852 0.27854 0.18009

Rubitherm RT27 0.27516 0.16615 0.11256 0.14852 0.26528 0.17778
Rubitherm RT31 0.13758 0.15923 0.10889 0.14852 0.26528 0.17939
Capric acid (C10) 0.11694 0.20769 0.17251 0.13366 0.27854 0.21703

Capric–Lauric eutectic 0.37834 0.22154 0.17618 0.13366 0.27854 0.20779
Fatty acid eutectic (C10–C12–C14) 0.00000 0.20769 0.16150 0.13366 0.26528 0.20317

1-Dodecanol 0.37834 0.22154 0.15905 0.12624 0.26528 0.18770
PEG-600 0.30955 0.16615 0.16150 0.18564 0.25202 0.25397

Glauber’s salt (Na2SO4·10H2O) 0.08943 0.35169 0.46615 0.44555 0.18570 0.34632
CaCl2·6H2O 0.20637 0.26308 0.39519 0.44555 0.17243 0.39249

Na2HPO4·12H2O 0.00000 0.27692 0.39152 0.37129 0.18570 0.36941
Na2CO3·10H2O 0.10318 0.26308 0.33768 0.44555 0.18570 0.33477

Form-stable paraffin/HDPE 0.34395 0.16615 0.13214 0.18564 0.25202 0.20779
Organic ester mixture 0.34395 0.19385 0.15416 0.13366 0.26528 0.20779

Table A19. Zone 23 ◦C MOORA weighted matrix.

Material Tm (◦C) Score ΔHfus (kJ/kg)
Vol. Latent

Heat (MJ/m3)
k (W/m·K) Cp (kJ/kg·K) ρ (kg/m3)

n-Heptadecane (C17) 0.1797 0.0801 0.0286 0.0101 0.0092 0.0059
n-Octadecane (C18) 0.1144 0.0868 0.0312 0.0101 0.0092 0.0059
n-Nonadecane (C19) 0.0490 0.0890 0.0322 0.0101 0.0092 0.0059

Rubitherm RT27 0.1307 0.0427 0.0152 0.0101 0.0088 0.0059
Rubitherm RT31 0.0653 0.0409 0.0147 0.0101 0.0088 0.0059
Capric acid (C10) 0.0555 0.0534 0.0233 0.0091 0.0092 0.0072

Capric–Lauric eutectic 0.1797 0.0569 0.0238 0.0091 0.0092 0.0069
Fatty acid eutectic (C10–C12–C14) 0.0000 0.0534 0.0218 0.0091 0.0088 0.0067

1-Dodecanol 0.1797 0.0569 0.0215 0.0086 0.0088 0.0062
PEG-600 0.1470 0.0427 0.0218 0.0126 0.0083 0.0084

Glauber’s salt (Na2SO4·10H2O) 0.0425 0.0904 0.0629 0.0303 0.0061 0.0114
CaCl2·6H2O 0.0980 0.0676 0.0534 0.0303 0.0057 0.0130

Na2HPO4·12H2O 0.0000 0.0712 0.0529 0.0252 0.0061 0.0122
Na2CO3·10H2O 0.0490 0.0676 0.0456 0.0303 0.0061 0.0110

Form-stable paraffin/HDPE 0.1634 0.0427 0.0178 0.0126 0.0083 0.0069
Organic ester mixture 0.1634 0.0498 0.0208 0.0091 0.0088 0.0069
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Table A21. Zone 28 ◦C decision matrix.

Material Tm (◦C) Score ΔHfus (kJ/kg)
Vol. Latent

Heat (MJ/m3)
k (W/m·K) Cp (kJ/kg·K) ρ (kg/m3)

n-Heptadecane (C17) 0.25 225 173 0.2 2.1 770
n-Octadecane (C18) 1 244 189 0.2 2.1 775
n-Nonadecane (C19) 0.5 250 195 0.2 2.1 780

Rubitherm RT27 0.875 120 92 0.2 2 770
Rubitherm RT31 0.625 115 89 0.2 2 777
Capric acid (C10) 0.55 150 141 0.18 2.1 940

Capric–Lauric eutectic 0.5 160 144 0.18 2.1 900
Fatty acid eutectic (C10–C12–C14) 0.125 150 132 0.18 2 880

1-Dodecanol 0.5 160 130 0.17 2 813
PEG-600 0 120 132 0.25 1.9 1100

Glauber’s salt (Na2SO4·10H2O) 0.45 254 381 0.6 1.4 1500
CaCl2·6H2O 0.875 190 323 0.6 1.3 1700

Na2HPO4·12H2O 0.125 200 320 0.5 1.4 1600
Na2CO3·10H2O 0.5 190 276 0.6 1.4 1450

Form-stable paraffin/HDPE 0.625 120 108 0.25 1.9 900
Organic ester mixture 0.625 140 126 0.18 2 900

Table A22. Zone 28 ◦C COPRAS normalized matrix.

Material Tm (◦C) Score ΔHfus (kJ/kg)
Vol. Latent

Heat (MJ/m3)
k (W/m·K) Cp (kJ/kg·K) ρ (kg/m3)

n-Heptadecane (C17) 0.0308 0.0807 0.0586 0.0426 0.0705 0.0465
n-Octadecane (C18) 0.1231 0.0875 0.0640 0.0426 0.0705 0.0468
n-Nonadecane (C19) 0.0615 0.0897 0.0661 0.0426 0.0705 0.0471

Rubitherm RT27 0.1077 0.0430 0.0312 0.0426 0.0671 0.0465
Rubitherm RT31 0.0769 0.0412 0.0302 0.0426 0.0671 0.0469
Capric acid (C10) 0.0677 0.0538 0.0478 0.0384 0.0705 0.0568

Capric–Lauric eutectic 0.0615 0.0574 0.0488 0.0384 0.0705 0.0544
Fatty acid eutectic (C10–C12–C14) 0.0154 0.0538 0.0447 0.0384 0.0671 0.0532

1-Dodecanol 0.0615 0.0574 0.0441 0.0362 0.0671 0.0491
PEG-600 0.0000 0.0430 0.0447 0.0533 0.0638 0.0664

Glauber’s salt (Na2SO4·10H2O) 0.0554 0.0911 0.1291 0.1279 0.0470 0.0906
CaCl2·6H2O 0.1077 0.0681 0.1095 0.1279 0.0436 0.1027

Na2HPO4·12H2O 0.0154 0.0717 0.1084 0.1066 0.0470 0.0966
Na2CO3·10H2O 0.0615 0.0681 0.0935 0.1279 0.0470 0.0876

Form-stable paraffin/HDPE 0.0769 0.0430 0.0366 0.0533 0.0638 0.0544
Organic ester mixture 0.0769 0.0502 0.0427 0.0384 0.0671 0.0544

Table A23. Zone 28 ◦C COPRAS weighted matrix.

Material Tm (◦C) Score ΔHfus (kJ/kg)
Vol. Latent

Heat (MJ/m3)
k (W/m·K) Cp (kJ/kg·K) ρ (kg/m3)

n-Heptadecane (C17) 0.0146 0.0207 0.0079 0.0029 0.0023 0.0015
n-Octadecane (C18) 0.0585 0.0225 0.0086 0.0029 0.0023 0.0015
n-Nonadecane (C19) 0.0292 0.0230 0.0089 0.0029 0.0023 0.0016

Rubitherm RT27 0.0512 0.0111 0.0042 0.0029 0.0022 0.0015
Rubitherm RT31 0.0365 0.0106 0.0041 0.0029 0.0022 0.0015
Capric acid (C10) 0.0322 0.0138 0.0065 0.0026 0.0023 0.0019

Capric–Lauric eutectic 0.0292 0.0147 0.0066 0.0026 0.0023 0.0018
Fatty acid eutectic (C10–C12–C14) 0.0073 0.0138 0.0060 0.0026 0.0022 0.0018

1-Dodecanol 0.0292 0.0147 0.0059 0.0025 0.0022 0.0016
PEG-600 0.0000 0.0111 0.0060 0.0036 0.0021 0.0022

Glauber’s salt (Na2SO4·10H2O) 0.0263 0.0234 0.0174 0.0087 0.0016 0.0030
CaCl2·6H2O 0.0512 0.0175 0.0148 0.0087 0.0014 0.0034

Na2HPO4·12H2O 0.0073 0.0184 0.0146 0.0072 0.0016 0.0032
Na2CO3·10H2O 0.0292 0.0175 0.0126 0.0087 0.0016 0.0029

Form-stable paraffin/HDPE 0.0365 0.0111 0.0049 0.0036 0.0021 0.0018
Organic ester mixture 0.0365 0.0129 0.0058 0.0026 0.0022 0.0018
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Table A24. Zone 18 ◦C VIKOR normalized matrix.

Material Tm (◦C) Score ΔHfus (kJ/kg)
Vol. Latent

Heat (MJ/m3)
k (W/m·K) Cp (kJ/kg·K) ρ (kg/m3)

n-Heptadecane (C17) 0.2500 0.7914 0.2877 0.0698 1.0000 0.0000
n-Octadecane (C18) 1.0000 0.9281 0.3425 0.0698 1.0000 0.0054
n-Nonadecane (C19) 0.5000 0.9712 0.3630 0.0698 1.0000 0.0108

Rubitherm RT27 0.8750 0.0360 0.0103 0.0698 0.8750 0.0000
Rubitherm RT31 0.6250 0.0000 0.0000 0.0698 0.8750 0.0075
Capric acid (C10) 0.5500 0.2518 0.1781 0.0233 1.0000 0.1828

Capric–Lauric eutectic 0.5000 0.3237 0.1884 0.0233 1.0000 0.1398
Fatty acid eutectic (C10–C12–C14) 0.1250 0.2518 0.1473 0.0233 0.8750 0.1183

1-Dodecanol 0.5000 0.3237 0.1404 0.0000 0.8750 0.0462
PEG-600 0.0000 0.0360 0.1473 0.1860 0.7500 0.3548

Glauber’s salt (Na2SO4·10H2O) 0.4500 1.0000 1.0000 1.0000 0.1250 0.7849
CaCl2·6H2O 0.8750 0.5396 0.8014 1.0000 0.0000 1.0000

Na2HPO4·12H2O 0.1250 0.6115 0.7911 0.7674 0.1250 0.8925
Na2CO3·10H2O 0.5000 0.5396 0.6404 1.0000 0.1250 0.7312

Form-stable paraffin/HDPE 0.6250 0.0360 0.0651 0.1860 0.7500 0.1398
Organic ester mixture 0.6250 0.1799 0.1267 0.0233 0.8750 0.1398

Table A25. Zone 28 ◦C VIKOR weighted matrix.

Material Tm (◦C) Score ΔHfus (kJ/kg)
Vol. Latent

Heat (MJ/m3)
k (W/m·K) Cp (kJ/kg·K) ρ (kg/m3)

n-Heptadecane (C17) 0.1188 0.2034 0.0388 0.0047 0.0330 0.0000
n-Octadecane (C18) 0.4750 0.2385 0.0462 0.0047 0.0330 0.0002
n-Nonadecane (C19) 0.2375 0.2496 0.0490 0.0047 0.0330 0.0004

Rubitherm RT27 0.4156 0.0092 0.0014 0.0047 0.0289 0.0000
Rubitherm RT31 0.2969 0.0000 0.0000 0.0047 0.0289 0.0002
Capric acid (C10) 0.2613 0.0647 0.0240 0.0016 0.0330 0.0060

Capric–Lauric eutectic 0.2375 0.0832 0.0254 0.0016 0.0330 0.0046
Fatty acid eutectic (C10–C12–C14) 0.0594 0.0647 0.0199 0.0016 0.0289 0.0039

1-Dodecanol 0.2375 0.0832 0.0190 0.0000 0.0289 0.0015
PEG-600 0.0000 0.0092 0.0199 0.0127 0.0248 0.0117

Glauber’s salt (Na2SO4·10H2O) 0.2138 0.2570 0.1350 0.0680 0.0041 0.0259
CaCl2·6H2O 0.4156 0.1387 0.1082 0.0680 0.0000 0.0330

Na2HPO4·12H2O 0.0594 0.1572 0.1068 0.0522 0.0041 0.0295
Na2CO3·10H2O 0.2375 0.1387 0.0865 0.0680 0.0041 0.0241

Form-stable paraffin/HDPE 0.2969 0.0092 0.0088 0.0127 0.0248 0.0046
Organic ester mixture 0.2969 0.0462 0.0171 0.0016 0.0289 0.0046

Table A26. Zone 28 ◦C TOPSIS normalized matrix.

Material Tm (◦C) Score ΔHfus (kJ/kg)
Vol. Latent

Heat (MJ/m3)
k (W/m·K) Cp (kJ/kg·K) ρ (kg/m3)

n-Heptadecane (C17) 0.1086 0.3115 0.2117 0.1485 0.2785 0.1778
n-Octadecane (C18) 0.4343 0.3378 0.2312 0.1485 0.2785 0.1789
n-Nonadecane (C19) 0.2171 0.3462 0.2386 0.1485 0.2785 0.1801

Rubitherm RT27 0.3800 0.1662 0.1126 0.1485 0.2653 0.1778
Rubitherm RT31 0.2714 0.1592 0.1089 0.1485 0.2653 0.1794
Capric acid (C10) 0.2389 0.2077 0.1725 0.1337 0.2785 0.2170

Capric–Lauric eutectic 0.2171 0.2215 0.1762 0.1337 0.2785 0.2078
Fatty acid eutectic (C10–C12–C14) 0.0543 0.2077 0.1615 0.1337 0.2653 0.2032

1-Dodecanol 0.2171 0.2215 0.1591 0.1262 0.2653 0.1877
PEG-600 0.0000 0.1662 0.1615 0.1856 0.2520 0.2540

Glauber’s salt (Na2SO4·10H2O) 0.1954 0.3517 0.4662 0.4455 0.1857 0.3463
CaCl2·6H2O 0.3800 0.2631 0.3952 0.4455 0.1724 0.3925

Na2HPO4·12H2O 0.0543 0.2769 0.3915 0.3713 0.1857 0.3694
Na2CO3·10H2O 0.2171 0.2631 0.3377 0.4455 0.1857 0.3348

Form-stable paraffin/HDPE 0.2714 0.1662 0.1321 0.1856 0.2520 0.2078
Organic ester mixture 0.2714 0.1938 0.1542 0.1337 0.2653 0.2078
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Table A27. Zone 28 ◦C TOPSIS weighted matrix.

Material Tm (◦C) Score ΔHfus (kJ/kg)
Vol. Latent

Heat (MJ/m3)
k (W/m·K) Cp (kJ/kg·K) ρ (kg/m3)

n-Heptadecane (C17) 0.05157 0.08007 0.02857 0.01010 0.00919 0.00587
n-Octadecane (C18) 0.20629 0.08683 0.03122 0.01010 0.00919 0.00590
n-Nonadecane (C19) 0.10315 0.08896 0.03221 0.01010 0.00919 0.00594

Rubitherm RT27 0.18050 0.04270 0.01520 0.01010 0.00875 0.00587
Rubitherm RT31 0.12893 0.04092 0.01470 0.01010 0.00875 0.00592
Capric acid (C10) 0.11346 0.05338 0.02329 0.00909 0.00919 0.00716

Capric–Lauric eutectic 0.10315 0.05694 0.02378 0.00909 0.00919 0.00686
Fatty acid eutectic (C10–C12–C14) 0.02579 0.05338 0.02180 0.00909 0.00875 0.00670

1-Dodecanol 0.10315 0.05694 0.02147 0.00858 0.00875 0.00619
PEG-600 0.00000 0.04270 0.02180 0.01262 0.00832 0.00838

Glauber’s salt (Na2SO4·10H2O) 0.09283 0.09039 0.06293 0.03030 0.00613 0.01143
CaCl2·6H2O 0.18050 0.06761 0.05335 0.03030 0.00569 0.01295

Na2HPO4·12H2O 0.02579 0.07117 0.05285 0.02525 0.00613 0.01219
Na2CO3·10H2O 0.10315 0.06761 0.04559 0.03030 0.00613 0.01105

Form-stable paraffin/HDPE 0.12893 0.04270 0.01784 0.01262 0.00832 0.00686
Organic ester mixture 0.12893 0.04982 0.02081 0.00909 0.00875 0.00686

Table A28. Zone 28 ◦C MOORA normalized matrix.

Material Tm (◦C) Score ΔHfus (kJ/kg)
Vol. Latent

Heat (MJ/m3)
k (W/m·K) Cp (kJ/kg·K) ρ (kg/m3)

n-Heptadecane (C17) 0.10857 0.31154 0.21166 0.14852 0.27854 0.17778
n-Octadecane (C18) 0.43430 0.33785 0.23124 0.14852 0.27854 0.17893
n-Nonadecane (C19) 0.21715 0.34615 0.23858 0.14852 0.27854 0.18009

Rubitherm RT27 0.38001 0.16615 0.11256 0.14852 0.26528 0.17778
Rubitherm RT31 0.27143 0.15923 0.10889 0.14852 0.26528 0.17939
Capric acid (C10) 0.23886 0.20769 0.17251 0.13366 0.27854 0.21703

Capric–Lauric eutectic 0.21715 0.22154 0.17618 0.13366 0.27854 0.20779
Fatty acid eutectic (C10–C12–C14) 0.05429 0.20769 0.16150 0.13366 0.26528 0.20317

1-Dodecanol 0.21715 0.22154 0.15905 0.12624 0.26528 0.18770
PEG-600 0.00000 0.16615 0.16150 0.18564 0.25202 0.25397

Glauber’s salt (Na2SO4·10H2O) 0.19543 0.35169 0.46615 0.44555 0.18570 0.34632
CaCl2·6H2O 0.38001 0.26308 0.39519 0.44555 0.17243 0.39249

Na2HPO4·12H2O 0.05429 0.27692 0.39152 0.37129 0.18570 0.36941
Na2CO3·10H2O 0.21715 0.26308 0.33768 0.44555 0.18570 0.33477

Form-stable paraffin/HDPE 0.27143 0.16615 0.13214 0.18564 0.25202 0.20779
Organic ester mixture 0.27143 0.19385 0.15416 0.13366 0.26528 0.20779

Table A29. Zone 28 ◦C MOORA weighted matrix.

Material Tm (◦C) Score ΔHfus (kJ/kg)
Vol. Latent

Heat (MJ/m3)
k (W/m·K) Cp (kJ/kg·K) ρ (kg/m3)

n-Heptadecane (C17) 0.05157 0.08007 0.02857 0.01010 0.00919 0.00587
n-Octadecane (C18) 0.20629 0.08683 0.03122 0.01010 0.00919 0.00590
n-Nonadecane (C19) 0.10315 0.08896 0.03221 0.01010 0.00919 0.00594

Rubitherm RT27 0.18050 0.04270 0.01520 0.01010 0.00875 0.00587
Rubitherm RT31 0.12893 0.04092 0.01470 0.01010 0.00875 0.00592
Capric acid (C10) 0.11346 0.05338 0.02329 0.00909 0.00919 0.00716

Capric–Lauric eutectic 0.10315 0.05694 0.02378 0.00909 0.00919 0.00686
Fatty acid eutectic (C10–C12–C14) 0.02579 0.05338 0.02180 0.00909 0.00875 0.00670

1-Dodecanol 0.10315 0.05694 0.02147 0.00858 0.00875 0.00619
PEG-600 0.00000 0.04270 0.02180 0.01262 0.00832 0.00838

Glauber’s salt (Na2SO4·10H2O) 0.09283 0.09039 0.06293 0.03030 0.00613 0.01143
CaCl2·6H2O 0.18050 0.06761 0.05335 0.03030 0.00569 0.01295

Na2HPO4·12H2O 0.02579 0.07117 0.05285 0.02525 0.00613 0.01219
Na2CO3·10H2O 0.10315 0.06761 0.04559 0.03030 0.00613 0.01105

Form-stable paraffin/HDPE 0.12893 0.04270 0.01784 0.01262 0.00832 0.00686
Organic ester mixture 0.12893 0.04982 0.02081 0.00909 0.00875 0.00686
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Abstract

Multi-objective optimisation is essential for balancing building energy efficiency and ther-
mal comfort. Existing research primarily focuses on passive optimisation strategies that
assume fixed behavioural patterns of a ‘rational occupant’. However, these studies often
overlook the impact of stochastic occupant behaviour on building energy efficiency and
thermal comfort. Furthermore, they fail to consider the inherent randomness, variability,
dynamic nature, and feedback mechanisms of individual actions. As a result, this oversight
can lead to suboptimal energy efficiency, insufficient thermal comfort, and a poor user
experience. This study examines a naturally ventilated research building equipped with
split-type air conditioning in China’s hot summer and cold winter climate zone. The
research develops a rapid prediction model for air conditioning (AC) energy consumption
and thermal comfort based on actual HVAC behaviours, incorporating the AC and natu-
ral ventilation (NV) operation schedules. The model utilises Artificial Neural Networks
(ANNs), importance analysis, and batch simulation. Furthermore, a multi-objective optimi-
sation decision-making model is developed to balance building AC energy consumption
and indoor environmental thermal comfort, using the NSGA-II algorithm. The results
indicate that when building design parameters comply with the current energy-saving
design standards, behavioural optimisation can lead to a 31.4% reduction in energy use
for building AC systems while enhancing thermal comfort by 37.5%. Furthermore, by
implementing integrated optimisation strategies, comfort can be improved by as much as
92.6% without raising energy consumption.

Keywords: HVAC behaviour; behavioural control; multi-objective optimisation; energy-saving;
thermal comfort

1. Introduction

Public buildings are major contributors to urban architectural energy consumption,
significantly impacting city-wide energy efficiency and total carbon emissions. Research
findings from the Building Energy Conservation Research Center of Tsinghua University
indicate that in 2020, China’s total energy consumption for public buildings (excluding
heating in northern regions) amounted to 346 million tons of standard coal equivalent,
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accounting for 33% of total building energy consumption, while associated electricity con-
sumption was 102.21 billion kWh [1]. In 2021, the total energy consumption throughout the
entire life cycle of China’s building sector (encompassing material production, construction,
operation, and demolition) increased by 5.0% compared to 2020, while carbon emissions
rose by 4.8%. These statistics reveal a striking growth rate in energy consumption and
carbon emissions [2].

Research efforts to reduce building energy consumption have gained considerable
attention due to increasing energy consumption and emissions. An expanding group
of scholars focused on practical approaches to decreasing building energy consump-
tion from various angles [3,4]. For instance, Ding et al. [5] developed an urban-level
energy consumption database based on residential and office building prototypes. Their
research commenced with creating typical building energy consumption models using
EnergyPlus v8.8.0, followed by integrating stochastic simulation and data-driven regres-
sion analysis to generate the energy consumption database. Accordingly, a web platform
was designed to provide energy-saving solutions for urban planning and existing building
retrofits.

Meanwhile, as people’s living standards improve, research has increasingly shifted to-
ward enhancing building thermal comfort [6–8]. Consequently, scholars have investigated
approaches integrating multi-objective optimisation with building simulation software,
including energy conservation, thermal comfort, building envelope performance, and
carbon emissions reduction [9,10]. Specific methodologies involve applying tools such as
DOE-2 simulation [11], machine learning [12–14], and optimisation algorithms [15,16] to
achieve multi-objective optimisation of buildings. For example, Wang et al. [17] proposed a
multi-objective optimisation framework based on SVR-NSGA-II: it combines support vector
regression (SVR) modelling with the NSGA-II algorithm to optimise building performance
after generating energy consumption data through OpenStudio. The results show that
the optimised building significantly improves energy efficiency and thermal comfort. Liu
et al. [18] conducted multi-objective optimisation design research on a university activity
centre in China, using Grasshopper modelling and the Ladybug and Honeybee plugins to
simulate energy consumption and thermal comfort, and applying the Octopus algorithm
for optimisation. As a result, a 58.8% reduction in annual energy consumption and a 53.0%
increase in thermal comfort duration were achieved.

Despite progress in studying traditional multi-objective optimisation problems
(MOPs), many shortcomings remain. Traditional research is based on the ‘rational person’
assumption, simplifying individual behaviour patterns into fixed and regular schedules for
building simulations [19,20]. However, this approach neglects critical factors such as the ran-
domness, variability, dynamic nature, and feedback mechanisms of human behaviours. As
a result, it becomes challenging to reflect the complexity of human behaviour in real-world
scenarios accurately. Consequently, significant discrepancies arise between the simulated
values for building energy consumption and indoor thermal environments—derived from
fixed schedules [21,22]—and the actual measured values. This gap ultimately leads to
suboptimal outcomes when implementing multi-objective optimisation strategies.

To address the aforementioned issues, scholars have begun to focus on behavioural
model research, exploring methods for more precise energy consumption optimisation [23].
Various models have been proposed to describe the HVAC behaviours, including deter-
ministic models [24], statistical models, stochastic models, and occupant behaviour action
models [25]. Among these, the stochastic model has been shown to offer a superior simula-
tion of human energy consumption patterns [26,27], thereby significantly enhancing the
accuracy of energy consumption and thermal comfort predictions [28–30].

159



Energies 2025, 18, 6130

Furthermore, in traditional multi-objective optimisation research, the predominant
focus has been on passive strategies, often overlooking the effective management of indi-
vidual behaviours [31]. This limited viewpoint does not adequately address issues such as
energy wastage, excessive comfort, and low energy efficiency. Jeong et al. [32] and Azar
et al. [33] have indicated that relying solely on passive strategies and equipment optimisa-
tion is insufficient for achieving optimal energy savings, as user behaviour significantly
impacts building energy consumption. Optimising user behaviour patterns has been shown
to reduce building energy consumption while enhancing thermal comfort. For example,
Hamed et al. [34] achieved significant energy savings by optimising household energy
consumption behaviours, such as adjusting clothing choices, increasing natural ventilation,
promptly turning off lights, and effectively managing air conditioning usage times. These
efforts resulted in an overall energy consumption reduction of 19.39% while improving
thermal comfort. However, many of these studies are based on fixed behavioural patterns.
To align research outcomes more closely with actual energy consumption, Haidar et al. [35]
explored multi-objective optimisation strategies that consider real HVAC behavioural
characteristics. Xiang et al. [36] developed an HVAC behaviour model to describe the
behavioural characteristics of a real-world HVAC, including air conditioning and window
operation. Using this model, they implemented behaviour optimisation strategies through
simulation. The results showed that these optimised solutions could reduce energy demand
by 50.2% to 60.2% while decreasing the duration of indoor thermal discomfort by 3.52% to
11.09% compared to the benchmark case.

In general, passive multi-objective optimisation strategies based on the “rational
agent” (which uses fixed schedules) have produced significant results, but these strate-
gies remain limited. Most studies on behavioural optimisation rely on the rational-agent
assumption, treating user behaviour as a predictable process. However, there is a no-
table oversight regarding users’ stochastic actions and dynamic adaptations in real-world
scenarios. Furthermore, research on multi-objective optimisation problems (MOPs) for
behavioural optimisation using real-world behavioural data is even more scarce.

Based on the stochastic sequence of HVAC behaviour for a research building, which
reflects actual behavioural characteristics (proposed in the preliminary research [37]), this
study identifies the important influencing factors of building AC energy consumption
and indoor thermal comfort as decision variables. These factors were extracted from three
aspects: building design scheme, internal disturbance elements, and adaptive behaviours.
A rapid multi-objective prediction model for building AC energy consumption and indoor
thermal comfort is constructed using EnergyPlus batch simulation and an artificial neural
network approach. Combining the NSGA-II genetic algorithm with the control parameter
method, a multi-objective optimisation decision-making model is established for generating
optimisation strategies. This study proposes a multi-objective optimisation method that
comprehensively considers actual HVAC behavioural characteristics and user demands,
aiming to significantly improve indoor thermal comfort while reducing air conditioning
energy consumption.

In terms of content, this study innovatively adopts the coupling of air conditioning and
natural ventilation (specifically, window operation) as a pivotal indicator for behavioural
optimisation. This approach accurately captures the effects of the occupants’ combined
HVAC behaviours on building energy consumption and the indoor thermal environment. A
comprehensive technical framework is established for the methodology, encompassing data
acquisition, model training, and optimisation decision-making. A rapid prediction model
is developed using an artificial neural network (ANN) based on EnergyPlus (E+) batch
simulation results. This provides a scientifically rigorous and computationally efficient
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basis for formulating multi-objective optimisation strategies. This integrated approach
enhances the practicality and forward-looking value of the research.

2. Methodology

The research technical route of the paper is shown in Figure 1. This study proposes a
multi-objective optimisation method based on actual HVAC behaviours to optimise energy
consumption and thermal comfort for air conditioning (AC) in naturally ventilated research
buildings in China’s hot summer and cold winter climates. The research quantitatively
represents real HVAC behaviours in EnergyPlus simulations [37] by developing a model
for predicting HVAC stochastic behaviours. A rapid prediction model for building AC
energy consumption and indoor thermal comfort was developed using a BP neural network
based on batch simulations. Using the NSGA-II algorithm, a multi-objective optimisation
decision-making model was established for energy conservation and enhanced thermal
comfort. This model effectively generates traditional passive optimisation strategies while
providing users with behavioural optimisation strategies and integrated recommendations.
This approach offers comprehensive and scientific support for making energy-saving
retrofits and operational management decisions, delivering significant practical value.

Figure 1. The research technical route.

2.1. Construction of a Multi-Objective Database

The multi-objective database, constructed under the various operating scenarios,
is the foundation for developing a rapid prediction model for AC energy consumption
and indoor environmental thermal comfort. This study begins by quantifying actual
HVAC behaviours in building simulations using measured values. This approach helps to
avoid the prediction errors arising from traditional fixed-schedule methods and enhances
simulation accuracy. Subsequently, an importance analysis is performed to identify the key

161



Energies 2025, 18, 6130

factors influencing building AC energy consumption and thermal comfort. Finally, batch
simulations are executed using jEPlus v2.1.0 to create a ‘decision variable—target variable’
mapping database across different operating scenarios.

2.1.1. Methods of Quantifying and Characterising Actual HVAC Behaviours in Building
Simulation

This paper is based on preliminary research conducted at a naturally ventilated
research building in Hangzhou, China, which created a stochastic prediction model to
accurately represent the HVAC system’s actual behaviours. This model was developed
by analysing indoor thermal environment parameters, AC energy consumption data, and
window opening/closing behaviour metrics. These measurements were collected from
January 2017 to January 2018.

This study divides the year into seven characteristic stages of AC usage to effec-
tively capture the seasonal variations in HVAC behaviours induced by annual climate
changes, as presented in Table 1 [37]. The k-means clustering analysis generates typical
operation schedules and their probabilities of occurrence for different functional rooms
(e.g., collective offices and individual offices) within each characteristic stage of AC usage.
Subsequently, annual stochastic HVAC operation sequences are generated via Monte Carlo
simulation. Stochastic behaviour sequences are transformed into EnergyPlus-compatible
stochastic behavioural schedules using Python 3.7. This establishes a method for quantify-
ing real HVAC behaviours in building simulations. The study demonstrates a significant
improvement in prediction accuracy by simulating the annual AC energy consumption of
the case building under stochastic behavioural and fixed schedules, then comparing the
results with measured values. This finding underscores the efficacy and necessity of the
proposed methodology.

Table 1. Characteristic stage division of AC usage [37].

Characteristic Stages of AC Usage Duration Date

Cooling season

Mid-summer 21 June~10 September

Early and late summer
11 May~20 June
11 September~30
September

Late spring and early autumn 21 April~10 May
1 October~20 October

Transitional period 11 April~20 April
21 October~31 October

Heating season

Early spring and late autumn 1 November~20 November
21 March~10 April

Early and late winter
11 February~20 March
21 November~10
December

Mid-winter 11 December~10 February

2.1.2. Proposal of Decision Variables Based on Importance Analysis

An excessive number of input items can lead to neural network instability and reduced
prediction accuracy. Therefore, it is crucial to carefully select decision variables when
developing rapid prediction models for AC energy consumption and indoor thermal
comfort. The preliminary study [37] identified 28 initial influencing factors across three
dimensions: building design scheme, internal building disturbance elements, and adaptive
behaviours. These factors were used to identify the key influencing factors of the target
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variables—AC energy consumption and indoor thermal comfort—which will serve as the
decision variables for the rapid prediction model.

Measurements obtained from the case building revealed interactions and mutual
influences between the air conditioning (AC) and the natural ventilation (NV) operations
in practical operation, and these coupling patterns significantly impact the target variables.
Consequently, the preliminary study incorporated the coupling pattern between AC and
NV operation as an initial influencing factor within the adaptive behaviour category.
Five typical coupling modes were proposed, as shown in Table 2.

Table 2. The description of coupling patterns between NV and AC operation.

Coupling Pattern Feature Description

M0 A default pattern, reflecting the actual operational characteristics
of AC and NV operation.

M1
Fixed ventilation in the morning: From 8:00 to 9:00, regardless of
whether the air conditioner is on or off, the exterior windows are
opened for a fixed period

M2
Fixed ventilation overnight: From 17:00 to 8:00 the following day,
regardless of whether the air conditioner is on or off, the exterior
windows are open for a fixed period.

M3 Opposition all day: The opening status of exterior windows and
air conditioning is always in opposition between 0:00 and 24:00.

M4

Opposition overnight: From 17:00 to 8:00 the following day, the
opening status of exterior windows and air conditioning is
always in opposition; from 8:00 to 17:00, regardless of whether the
air conditioner is on or off, the exterior windows remain closed.

The 28 initial influencing factors were considered independent variables, and batch
simulations were performed using EnergyPlus with the assistance of jEPlus for parameter
management. Specifically, the AC cooling and heating loads, as well as the uncomfortable
hours of each air-conditioning zone, were simulated. The uncomfortable hours in this
study refer to the duration during which the Predicted Mean Vote (PMV) index within
the corresponding air-conditioning zone falls outside the comfort range while occupants
are present. Based on the thermal sensation vote results from 1471 valid questionnaires
(distributed and collected in the research building over 34 seasonal typical days from
January 2017 to January 2018) and real-time thermal environment parameters, the actual
Mean Thermal Sensation Vote (TSV) and the PMV were calculated and compared. Result
analysis indicated that the PMV index specified in ASHRAE Standard 55-2017 [38] is
suitable for assessing the subjective thermal sensation of occupants in research buildings
in Hangzhou. Accordingly, this study adopted [−0.5, 0.5] as the PMV comfort range for
the simulation.

The total AC load of the entire building can be directly summed and output from
the simulation results. However, the uncomfortable hours of individual zones cannot
be directly used to characterise the thermal comfort of the entire building. To quantita-
tively evaluate the indoor thermal comfort of the entire building, this study proposed
the “comprehensive uncomfortable hours” as a discomfort index, which is calculated
using Equation (1). A higher value of this index indicates poorer thermal comfort. The
target variables, namely the annual AC load per unit area and annual comprehensive
uncomfortable hours (UCH) of the case building, were then derived through simulation
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and calculations, quantifying the building’s AC energy consumption and indoor thermal
comfort, respectively.

Tu =
∑n

i=1 Si·ti

∑n
i=1 Si

, (1)

where
Tu is the comprehensive uncomfortable hours (UCH) for the entire building;
n is the number of air-conditioned rooms in the building;
Si is the area of the ith room;
ti is the simulated uncomfortable hours in the ith room.
Through batch simulations and calculations under 2000 multiple operating conditions,

the target variables (i.e., building AC load per unit area and comprehensive uncomfortable
hours) of the case building were obtained. Utilising random forest regression and residual
mean methods, the importance scores of each independent variable (initial influencing
factor) concerning each target variable were determined, and relative importance was
calculated via normalisation. As shown in Table 3, 14 important influencing factors were
selected as decision variables for the target variables based on a numerical analysis of their
relative importance, with each factor demonstrating a relative importance greater than
0.5%. The remaining 14 factors were classified as non-important influencing factors; their
values were set as fixed optimal values based on correlation analysis results and were not
treated as variables.

Table 3. Decision variables and their relative importance [37].

Code Decision Variable Unit
Relative Importance of AC

Energy Consumption
Relative Importance
of Thermal Comfort

1 Cooling setpoint temperature ◦C 100.0% 100.0%
2 Air permeability performance ach 67.0% 4.7%
3 Heating setpoint temperature ◦C 46.6% 33.7%
4 People density in collective offices m2/person 17.3% 0.3%
5 Coupling pattern between NV and AC operation - 7.8% 0.9%
6 SHGC of the external window - 4.5% 2.8%
7 Power density of equipment W/person 2.9% 1.0%
8 Heat transfer coefficient of the external wall W/(m2·K) 2.5% 1.4%
9 Heat transfer coefficient of the external window W/(m2·K) 1.8% 0.8%

10 Heat transfer coefficient of the roof W/(m2·K) 1.5% 1.3%
11 Window-to-wall ratio of the south elevation - 1.3% 0.7%
12 Window-to-wall ratio of the north elevation - 1.2% 0.5%
13 Heat transfer coefficient of the internal wall W/(m2·K) 0.9% 0.9%
14 Building orientation ◦ 0.8% 0.7%

A multi-objective database was constructed under the various operating scenarios
based on the aforementioned decision variables. Artificial neural networks utilised the
database to develop and validate a rapid prediction model for target variables.

2.1.3. Construction of a “Decision Variable-Target Variable” Mapping Database Based on
Batch Simulation

The study uses the decision variables shown in Table 3 as input variables, setting each
variable as a dynamic parameter with the value ranges shown in Table 2, as defined by
jEPlus’s parameter management. The Sobol’ sequence method is then employed to generate
5000 random samples, with each sample recording the values of the input variables.

The target variable serves as the output vector and, together with the corresponding
input vector, forms a complete data sample. Ultimately, 4000 samples were randomly
selected for the train set and the remaining 1000 for the test set. As the input variables
have different units and their numerical values vary significantly, the original data must
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undergo normalisation preprocessing to avoid issues such as increased error and reduced
convergence during neural network learning. This involves uniformly quantising the
values into the [0, 1] range using Equation (2).

x′i =
xi − min(xi)

max(xi)− min(xi)
, (2)

where
x′i is the value of the ith input variable after preprocessing;
xi is the original value of the ith input variable before processing;
max(xi) and min(xi) are the maximum and minimum values of the ith input variable

in all data samples.

2.2. Construction of a Multi-Objective Rapid Prediction Model Based on ANN

Due to the limitations of the parameter setting mechanism in EnergyPlus software,
specific parameters that significantly influence building AC energy consumption and ther-
mal comfort cannot be varied continuously. Therefore, when these dynamic parameters
are combined within their specified ranges to generate multiple operating conditions,
these non-continuous variables inevitably result in ‘interval values’ that cannot be fully
covered. Exploring optimisation strategies for building AC energy-saving and indoor ther-
mal comfort is time-consuming and labour-intensive compared to traditional simulation
methods. Therefore, it is necessary to construct a rapid prediction model with sufficient
accuracy, based on the ‘decision variable—target variable’ mapping database established
in Section 2.1.3. This approach reduces CPU runtime and human resource costs while
addressing EnergyPlus’ limitations; EnergyPlus has difficulty simulating results directly
when dynamic parameters are set to ‘interval values’.

According to the characteristic stage division of AC usage defined in Section 2.1.1, the
following six stages are identified: mid-summer, early and late summer, late spring and
early autumn, early spring and late autumn, early and late winter, and mid-winter, and
rapid prediction models for each characteristic stage are developed with the corresponding
dates representing the prediction cycle.

The prediction model is developed based on the BP neural network and consists of an
input, hidden, and output layer. The input layer comprises 13 nodes, and the output layer
comprises two nodes, corresponding to the 14 decision variables and two target variables
shown in Table 3. Figure 2 shows the structural diagram of the neural network model.

Figure 2. BP neural network model structure.
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According to Equation (3), the boundary values of the reference number of hidden
layer nodes n1 are calculated. Trial calculations are performed starting from the minimum
number of nodes, min(n1), and are gradually increased to the maximum number of nodes,
max(n1). The relative error results of the test set after each training session are compared to
select the optimal number of hidden layer nodes.

n1 =
√

n + m + a, (3)

where
n is the number of input nodes;
m is the number of output nodes;
a is a constant with a value between [1, 10].
Rapid prediction models are constructed based on the BP neural network for different

characteristic stages of AC usage. The input and output variables and their functional
mapping relationships are shown in Table 4. The influencing factors corresponding to input
items 1 to 11 are derived from the building design scheme and internal disturbance elements.
These values are consistent in the rapid prediction model for different characteristic stages,
i.e., ∀i ∈ [1, 11], xi,H1 = xi,H2 = xi,H3 = xi,C1 = xi,C2 = xi,C3. However, the influence factors
corresponding to input items 12 and 13 are derived from the adaptive behaviours. They take
independent values within their respective ranges in the prediction models for different
characteristic stages.

Table 4. Inputs, outputs, and function mapping relationships of the rapid prediction model at each
characteristic stage of AC usage.

Characteristic Stages
of AC Usage Code Input

AC Load per Unit Area Comprehensive Uncomfortable Hours

Output
Function Mapping

Relationship
Output

Function Mapping
Relationship

Late spring and early autumn C1 xi ,C1,
i ∈ [1, 13] y1,C1 y1,C1 = FC1(x1,C1,x2,C1,. . .,x13,C1) y2,C1 y2,C1 = PC1(x1,C1,x2,C1,. . .,x13,C1)

Early and late summer C2 xi ,C2,
i ∈ [1, 13] y1,C2 y1,C2 = FC2(x1,C2,x2,C2,. . .,x13,C2) y2,C2 y2,C2 = PC2(x1,C2,x2,C2,. . .,x13,C2)

Mid-summer C3 xi ,C3,
i ∈ [1, 13] y1,C3 y1,C3 = FC3(x1,C3,x2,C3,. . .,x13,C3) y2,C3 y2,C3 = PC3(x1,C3,x2,C3,. . .,x13,C3)

Early spring and late autumn H1 xi ,H1,
i ∈ [1, 13] y1,H1 y1,H1 = FH1(x1,H1,x2,H1,. . .,x13,H1) y2,H1 y2,H1 = PH1(x1,H1,x2,H1,. . .,x13,H1)

Early and late winter H2 xi ,H2,
i ∈ [1, 13] y1,H2 y1,H2 = FH2(x1,H2,x2,H2,. . .,x13,H2) y2,H2 y2,H2 = PH2(x1,H2,x2,H2,. . .,x13,H2)

Mid-winter H3 xi ,H3,
i ∈ [1, 13] y1,H3 y1,H3 = FH3(x1,H3,x2,H3,. . .,x13,H3) y2,H3 y2,H3 = PH3(x1,H3,x2,H3,. . .,x13,H3)

The study uses a BP neural network to develop a prediction model. JAVA SE 9 is
applied as the programming language for the development platform. The BP neural
network’s error tolerance is set to 1 × 10−5, and the Adam optimiser [39,40] is used for
training. The maximum number of iterations is set to 2000.

2.3. Multi-Objective Optimisation Strategy Decision-Making Model Based on NSGA-II

Reducing AC energy consumption while improving indoor thermal comfort is a multi-
objective minimisation problem, with building AC load per unit area and comprehensive
uncomfortable hours as the optimisation targets.

This paper takes a naturally ventilated research building in a hot summer and cold
winter climate zone in China as its case study. It explores AC energy-saving and thermal
comfort optimisation strategies from three perspectives: passive optimisation strategies
during the building design phase, behavioural optimisation strategies during the build-
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ing operation phase, and integrated optimisation strategies considering both phases. It
provides a specific technical chain for the multi-objective optimisation of similar buildings.

2.3.1. Proposal of the Fitness Function

(1) Construction of the Fitness Function

This paper proposes a decision-making model to conserve AC energy while enhancing
indoor thermal comfort. The model uses a fitness function to quantify energy consumption
and thermal comfort performance in different operating conditions throughout the year.
This provides a basis for accurately evaluating different optimisation strategies. The
optimisation strategy for case building comprises the optimised values of various decision
variables. Therefore, the fitness function is constructed based on the rapid prediction model
developed in Section 2.2. The decision variables act as the independent variables, while
the target variables (annual AC load per unit area and the comprehensive uncomfortable
hours) act as the dependent variables.

While decision variables related to building design scheme and internal disturbance
elements typically remain unchanged, occupants’ adaptive behaviour changes with climate
variations across different characteristic stages of AC usage. Therefore, the values of the
decision variables related to occupants’ adaptive behaviours vary within their respective
ranges at each stage.

Equation (4) outlines the fitness function used to evaluate the target variables. The
equation is based on the rapid prediction model’s fundamental information and functional
mapping relations, as described in Table 4, and it employs the NSGA-II algorithm.

{
y1 = y1,H1 + y1,H2 + y1,H3 + y1,C1 + y1,C2 + y1,C3

y2 = y2,H1 + y2,H2 + y2,H3 + y2,C1 + y2,C2 + y2,C3
, (4)

where
y1 is the total annual AC load per unit area of the case building;
y2 is the annual comprehensive uncomfortable hours of the case building.

(2) Range of Values for Decision Variables

In multi-objective optimisation problems, the range of values for the decision variables
defines the space where optimisation strategies can be adjusted. This paper studies multi-
objective optimisation strategies using the energy-saving renovation of a case building. As a
result, certain variables must be fixed based on the actual characteristics of the case building,
and the remaining decision variables must be searched for the optimal combination.

The main façade of the case building is oriented north–south, with a window-to-
wall ratio of 0.4 for south and north elevations. The aforementioned default parameters
remain unchanged. Referring to the typical values for internal disturbance elements
provided in the appendix of the current Design standard for energy efficiency of public buildings
(GB 50189-2015) [41], the people density in collective offices is set to 10 m2/person and the
power density of equipment to 150 W/person.

The upper limits of the decision variables related to the building design scheme are
based on the actual characteristics of the case building and a reference public building
typical of a hot summer and cold winter climate zone in the 1980s. This consideration
applies except for the building orientation and window-to-wall ratio of the north and south
elevations. The lower limits are set under the thermal performance requirements for the
building envelope specified in the Technical standard for nearly zero energy buildings
(GB/T 51350-2019) [42]. The range is based on technical measures currently used for
parameters not explicitly addressed by existing energy-saving regulations and standards.
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The decision variables and their corresponding ranges required to optimise AC energy
savings and indoor thermal comfort in the case building are presented in Table 5.

Table 5. Description of decision variables.

Type ID Decision Variable Unit Range of Values

Building design scheme

IN_01 Heat transfer coefficient of the external wall W/(m2·K) [0.15, 2.50]
IN_02 Heat transfer coefficient of the roof W/(m2·K) [0.15, 3.00]
IN_03 Heat transfer coefficient of the internal wall W/(m2·K) [1.00, 5.00]
IN_04 Heat transfer coefficient of the external window W/(m2·K) [2.20, 6.40]
IN_05 SHGC of the external window - [0.15, 1.00]
IN_06 Window-to-wall ratio of the south elevation - {0.4}
IN_07 Window-to-wall ratio of the north elevation - {0.4}
IN_08 Air permeability performance ach [0.1, 0.8]
IN_09 Building orientation ◦ {0}

Internal disturbance
elements

IN_10 People density in collective offices m2/person {10}
IN_11 Power density of equipment W/person {150}

Occupants’ adaptive
behaviours

IN_12 Coupling pattern between NV and AC operation - {M0, M1, M2, M3, M4}
IN_13 Cooling/heating setpoint temperature ◦C [18, 30]

(3) Acquisition of Reference Values for Optimisation Objectives

To systematically evaluate the effectiveness of different optimisation strategies in
improving energy conservation and indoor thermal comfort in the case building, this study
conducts a comparative analysis based on the following standards and methods:

• The thermal performance limits for building envelopes specified in the Design standard
for energy efficiency of public buildings (GB 50189-2015) [41] and the Technical standard for
nearly zero energy buildings (GB/T 51350-2019) [42] are used as the baseline;

• The reference standards of occupants’ behaviour are based on the typical fixed sched-
ule of 08:00–17:00 and the stochastic behavioural schedules generated with the method
described in Section 2.1.1. The method was established in the preliminary research [37];

• Based on the two types of building envelope structure and HVAC behavioural patterns,
the AC load per unit area and the comprehensive uncomfortable hours of the case
building are worked out by EnergyPlus simulation and calculation. Equation (5)
transforms the total uncomfortable hours into a proportion of those hours to enable
comparative analysis. As shown in Table 6, the optimisation target for comparative
analysis is set using four typical reference points: B1, B2, B3, and B4.

Pu =
∑n

i=1 Si·ti

∑n
i=1 Si·ki

, (5)

where
Pu is the proportion of uncomfortable hours;
n is the number of air-conditioned rooms in the building;
Si is the area of the ith room;
ti is the simulated uncomfortable hours in the ith room;
ti is the number of hours occupied by occupants in the ith room.
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Table 6. Basic information about the reference points of optimisation objectives.

Reference Point
Reference Standard for Thermal

Performance of Building Envelopes
HVAC Behavioural Pattern

AC Load per Unit
Area (kWh/m2)

Proportion of
Uncomfortable Hours

B1 Design standard for energy efficiency of
public buildings (GB 50189-2015)

Stochastic behavioural
schedule 59.326 84.82%

B2 Fixed schedule 75.536 80.65%

B3 Technical standard for nearly zero energy
buildings (GB/T 51350-2019)

Stochastic behavioural
schedule 44.366 70.93%

B4 Fixed schedule 55.942 63.00%

2.3.2. Algorithm Implementation of the Decision-Making Model Based on NSGA-II

The paper utilises the JAVA platform to develop a decision-making model for multi-
objective optimisation based on NSGA-II to improve energy conservation and indoor
thermal comfort. The model features an interactive interface designed to meet user needs
and includes the following functionality:

(1) Evaluation of target variables;
(2) Control of the range of values of decision variables;
(3) Control of the range of values of target variables;
(4) Configuration of NSGA-II parameters.

Applying the NSGA-II algorithm with a population size of N and only one iteration is
equivalent to randomly sampling N solutions from the function space. As the number of
iterations increases, the population continuously approaches the actual Pareto front, and
the final Pareto solution set is typically considered the global optimum.

The paper employs the NSGA-II algorithm, repeatedly adjusting the population size
and the number of iterations to obtain different distributions of the objective variable
across the entire function space. Examining how the objective variable is distributed across
various iterations helps determine the optimisation potential within the decision variable
value range.

3. Results

3.1. Construction and Calibration of the Multi-Objective Rapid Prediction Model

This study employs a BP neural network to create a rapid prediction model for building
AC energy consumption and indoor thermal comfort. Subsequently, it is used to propose a
fitness function. This fitness function is closely related to various characteristic stages of AC
usage. Notably, the input variables (particularly those relating to adaptive behaviours) vary
independently across different stages. Consequently, it is essential to create independent
rapid prediction models for each stage to accurately reflect the corresponding AC energy
consumption and thermal comfort characteristics.

The ‘decision variable—target variable’ mapping database constructed in Section 2.1.3
trains six rapid prediction models using the BP neural network for different characteristic
stages of AC usage, as described in Section 2.2. Table 7 displays the findings of the linear
fitting of the predicted and simulated results. The mean relative error is calculated using
Equation (6) for verification.

y =
1
N ∑N

i=1
|xm′ − xm|

xm
× 100%, (6)

where
N is the total number of samples in the test set;
y is the mean relative error (MRE);
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xm′ is the predicted AC load per unit area, or the predicted comprehensive uncomfort-
able hours, worked out by the rapid prediction model based on the input vector in the test
set;

xm is the corresponding AC load per unit area, or comprehensive uncomfortable hours,
of the input vector in the test set.

Table 7. Linear fitting of the predicted and simulated results at different characteristic stages of AC
usage.

Code of the
Prediction Model

Characteristic
Stages of AC Usage

Hidden
Layer Nodes

Number of
Iterations

Linear Fitting of the Predicted and the Simulated Results

AC load per unit area Comprehensive uncomfortable hours

C1 Late spring and
early autumn 13 1900

MRE 4.1% 6.9%

C2 Early and late
summer 9 1000

MRE 3.1% 8.1%

C3 Mid-summer 11 2000

MRE 1.1% 7.9%

H1 Early spring and
late autumn 10 1610

MRE 4.4% 4.0%
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Table 7. Cont.

Code of the
Prediction Model

Characteristic
Stages of AC Usage

Hidden
Layer Nodes

Number of
Iterations

Linear Fitting of the Predicted and the Simulated Results

H2 Early and late
winter 11 1000

MRE 4.3% 6.1%

H3 Mid-winter 10 1850

MRE 4.0% 9.7%

As shown in Table 7, the verification results of the multi-objective rapid prediction
model indicate that at different characteristic stages of AC usage, the mean relative error
for AC load per unit area is below 5%, while the mean relative error for comprehensive
uncomfortable hours is under 10%. Consequently, the rapid prediction model developed
in this study, based on the BP neural network, can accurately predict the case building’s
AC energy consumption and indoor thermal comfort levels.

3.2. Construction of the Multi-Objective Optimisation Decision-Making Model

As outlined in Section 2.3, the study employs the JAVA platform to construct a multi-
objective optimisation decision-making model for AC energy conservation and indoor
thermal comfort, utilising the NSGA-II method. This model is the basis for analysing the
case building, which is presented as an example. The resulting optimisation strategies are
classified into three categories: passive, behavioural, and integrated optimisation strategies.
Passive optimisation strategies are primarily applied during the building design phase.
They optimise decision variables derived from the building design scheme, such as heat
transfer coefficients of the exterior walls and the roofs, and air permeability performance.
The goal is to reduce AC energy consumption and enhance thermal comfort. At the same
time, decision variables related to the adaptive behaviours (such as cooling/heating set-
point temperatures and coupling pattern between NV and AC operation) remain fixed.
Behavioural optimisation strategies focus on the building operation phase. These strategies
aim to achieve energy-saving goals by optimising users’ HVAC behaviours while keeping
decision variables related to the building design scheme unchanged. Integrated optimisa-
tion strategies combine passive and behavioural approaches, allowing for the simultaneous
optimisation of decision variables associated with building design and adaptive behaviours.
These strategies have proven effective for retrofitting existing buildings and designing new
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ones comprehensively, facilitating optimal energy savings and improved thermal comfort
throughout a building’s entire lifecycle.

In the context of multi-objective optimisation strategies during the operation phase
of buildings, the decision variables derived from adaptive behaviours are designated
as independent variables, while those originating from the building design scheme are
assigned as fixed values. While investigating integrated optimisation strategies, decision
variables derived from the building design scheme and adaptive behaviours are designated
as independent variables. The range of values for the decision variables is defined in
Table 8. When applying the aforementioned decision-making model to actual scheme
decision-making, upper and lower limits can be assigned to the values of the decision
variables. These limits can be adjusted based on each item’s optimisation potential and
economic costs.

Table 8. Range of values for the decision variables.

Type Decision Variable Code Unit

Range of Values
For Behavioural

Optimisation
For Integrated
Optimisation

Building design
scheme

Heat transfer coefficient of the external wall IN_01 W/(m2·K)

Fixed values under different
operating conditions

[0.15, 2.50]
Heat transfer coefficient of the roof IN_02 W/(m2·K) [0.15, 3.00]
Heat transfer coefficient of the internal wall IN_03 W/(m2·K) [1.00, 5.00]
Heat transfer coefficient of the external window IN_04 W/(m2·K) [2.20, 6.40]
SHCG of the external window IN_05 - [0.15, 1.00]
Window-to-wall ratio of the south elevation IN_06 - {0.4} {0.4}
Window-to-wall ratio of the north elevation IN_07 - {0.4} {0.4}

Air permeability performance IN_08 ach Fixed values under different
operating conditions [0.1, 0.8]

Building orientation (northwards deflection) IN_09 ◦ {0} {0}

Internal disturbance
elements

People density in collective offices IN_09 m2/person {10} {10}
Power density of equipment IN_10 W/person {150} {150}

Adaptive
behaviours

Coupling pattern between NV and AC operation IN_12 - {M0, M1, M2, M3, M4} {M0, M1, M2, M3, M4}
Cooling setpoint temperature IN_13

◦C [18, 30] [18, 30]
Heating setpoint temperature ◦C [18, 30] [18, 30]

4. Discussion

4.1. Generation of Behavioural Optimisation Strategies Based on the Decision-Making Model

This section explores multi-objective behavioural optimisation strategies. Conse-
quently, the decision variables associated with this process are designated independent
variables, while those derived from the building design scheme are assigned as fixed
values.

This section references the building’s actual conditions, baseline conditions in the
1980s, baseline conditions in the 2000s, standard conditions from the 2015 edition of
the ‘Design standard for energy efficiency of public buildings (GB 50189)’ [41], and high
and low standard conditions from the ‘Technical standard for nearly zero energy buildings
(GB/T 51350-2019)’ [42]. The use of these references is essential in establishing six typical
operating conditions. Subsequently, these conditions assess the potential for AC energy
conservation and thermal comfort optimisation of the case building under behavioural
strategies. The fixed values of the decision variables derived from the building design
scheme corresponding to these six operating conditions are shown in Table 9.

In implementing the behavioural optimisation strategy, only two decision variables
are utilised as independent variables: the coupling pattern between NV and AC operation
and the cooling/heating setpoint temperature. The values of these two variables vary
across the six characteristic stages of AC usage, resulting in the execution of distinct
behavioural strategies for each stage, as opposed to their consistent application within the
computational cycle. The multi-objective optimisation decision-making model using the
NSGA-II algorithm is executed multiple times with various population sizes and iteration
counts. This approach aims to assess the optimisation potential of the target variables while
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implementing a behavioural optimisation strategy across six typical operating conditions,
as shown in Figure 3.

Table 9. Fixed values of decision variables derived from the building design scheme under typical
operating conditions.

Building Design Parameters
IN_01 IN_02 IN_03 IN_04 IN_05 IN_08

Heat Transfer Coefficient [W/(m2·K)] SHGC of the
External Window

Air
Permeability

(ach)Code Operating Condition External Wall Roof Internal Wall External Window

P01 Actual condition of the case building 2.42 2.98 3.93 5.78 0.819 0.7
P02 Baseline condition of typical buildings in the 1980s 2.0 1.5 2.0 6.4 0.8 0.8
P03 Baseline condition of typical buildings in the 2000s 1.0 0.7 2.0 3.0 0.5 0.5
P04 Standard condition from GB 50189-2015 0.8 0.5 2.0 2.6 0.4 0.3
P05 Low standard condition from GB/T 51350-2019 0.4 0.35 2.0 2.2 0.15 0.1
P06 High standard condition from GB/T 51350-2019 0.15 0.15 2.0 2.2 0.15 0.1
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Figure 3. Optimisation potential of target variables under behavioural optimisation strategies
controlled for typical operating conditions.

Table 5 illustrates how the optimisation potential of behavioural strategies varies under
six typical operating conditions and across four reference points. It has been demonstrated
that in the actual condition P01 and the baseline condition P02, the behavioural strategies
can be employed to achieve the optimisation targets of reference points B1 and B2. However,
they cannot exert dominance over reference points B3 and B4. In the standard conditions
P03, P04, P05, and P06, the behavioural strategies can achieve the optimisation objectives of
reference points B1, B2, B3, and B4. In each typical operating condition, the implementation
effectiveness of the behavioural optimisation strategies is analysed with reference points as
optimisation objectives. The quantitative characterisation of the optimisation potential of
the target variables is shown in Table 10.

Among the six typical operating conditions, P04 indicates the thermal performance
limits for building envelopes in current public buildings, as specified in the Design standard
for energy efficiency of public buildings (GB 50189-2015) [41]. It is a widely utilised metric
in the design of such buildings. This study thus employs the P04 condition as a case study,
assuming that the primary optimisation objective is to ensure indoor thermal comfort.
By analysing the Pareto frontier, optimal strategies can be obtained for different thermal
comfort levels. Furthermore, the relationships between these optimal solutions and the four
optimisation reference points can be identified. This study employs 10% intervals to explore
optimal strategies for maximising AC energy savings through behavioural modification at
different thermal comfort levels, specifically when the case building is in P04 conditions, as
shown in Table 11.
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Table 10. Quantitative characterisation of the multi-objective optimisation potential in six typical
operating conditions.

Parameter Reference Point Reference Value
Optimisation Potential Compared with the Reference Point
P01 P02 P03 P04 P05 P06

AC load per
unit area

B1 59.326 kWh/m2 52.86% 40.30% 56.75% 34.06% 76.22% 78.85%
B2 75.536 kWh/m2 62.97% 53.11% 66.03% 48.21% 81.32% 83.39%
B3 44.366 kWh/m2 36.96% 20.17% 42.17% 11.83% 68.20% 71.72%
B4 55.942 kWh/m2 50.00% 36.68% 54.13% 30.07% 74.78% 77.57%

Proportion of
uncomfortable hours

B1 84.82% 92.01% 85.58% 90.98% 84.27% 95.01% 94.29%
B2 80.65% 91.59% 84.84% 90.51% 83.46% 94.76% 94.00%
B3 70.93% 90.44% 82.76% 89.21% 81.19% 94.04% 93.18%
B4 63.00% 89.24% 80.59% 87.86% 78.83% 93.29% 92.32%

Table 11. Optimal behavioural optimisation strategies for thermal comfort levels in the P04
operating condition.

Optimisation Objective
Optimal Behavioural Strategy:

Cooling/Heating Setpoint Temperature (◦C)|Coupling
Pattern Between NV and AC Operation

Reference Point Dominance
(“
√

” for Dominated, “×”
for Non-Dominated)

Proportion of
Uncomfortable Hours

AC Load per Unit Area
(kWh/m2)

H1 H2 H3 C1 C2 C3 B1 B2 B3 B4

10% 69.72 24|M4 25|M3 25|M4 26|M3 25|M4 24|M3 × × × √
20% 63.28 19|M1 18|M4 25|M4 26|M3 25|M4 24|M4 × × × √
30% 56.76 23|M1 23|M4 24|M4 26|M3 30|M2 24|M3

√ √ × ×
40% 51.45 19|M4 18|M4 25|M4 25|M3 30|M2 25|M4

√ √ √ √
50% 45.99 19|M4 24|M4 25|M4 27|M4 25|M4 30|M2

√ √ × √
60% 38.62 24|M4 25|M3 25|M4 25|M0 30|M2 30|M2

√ √ √ √
70% 31.84 19|M3 18|M0 25|M4 26|M3 30|M2 30|M2

√ √ √ ×
80% 28.52 19|M4 18|M3 23|M4 26|M3 30|M2 30|M2

√ √ × ×
90% 24.38 24|M4 25|M3 25|M4 26|M3 25|M4 24|M3 × × × ×

As illustrated in Table 11, the dominance relationship between the optimal strategy
and the four reference points varies depending on the optimisation objective. In the P04
operating condition, the appropriate behavioural strategy can dominate all four reference
points. This means the target variables should ensure that the AC load per unit area does
not exceed 44.37 kWh/m2, and the proportion of uncomfortable hours remains below
63.00%. The area of the function space where these target variables meet the requirements
is highlighted in red in Figure 4. Executing the multi-objective decision-making model
based on the NSGA-II algorithm is essential to clarify the solution set within this function
space. The optimisation objectives are defined by controlling the range of values for the
target variables. We modify the population size and iteration number to conduct multiple
calculations, and Table 12 presents the portion of the behavioural strategies that satisfy
these objectives.

Decision-making models and multiple rounds of iteration allowed the identification
of 481 non-overlapping solutions within the optimisation objective range (as shown by the
red area in Figure 4). Each solution represents a distinct behavioural optimisation strategy.
The numerical distribution of these target variable solutions is summarised and analysed,
providing insights into the characteristics of the optimised value for two decision variables
derived from adaptive behaviours at different characteristic stages of AC usage. These
characteristics are demonstrated in Tables 13 and 14.
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Figure 4. The function space of target variables dominating the four reference points in the P04
operation condition.

Table 12. Samples of the behavioural strategies meeting the optimisation objectives in the P04
operating condition.

Optimisation Objective
Behavioural Optimisation Strategy:

Cooling/Heating Setpoint Temperature (◦C)|Coupling
Pattern Between NV and AC Operation

Reference Point Dominance
(“
√

” for Dominated)

Proportion of
Uncomfortable Hours

AC Load per Unit Area
(kWh/m2)

H1 H2 H3 C1 C2 C3 B1 B2 B3 B4

53% 44.32 19|M1 24|M3 24|M4 27|M0 25|M4 30|M2
√ √ √ √

55% 44.23 20|M1 22|M3 25|M4 26|M0 25|M3 30|M2
√ √ √ √

57% 43.48 21|M2 18|M0 18|M0 27|M1 30|M2 24|M3
√ √ √ √

60% 44.05 20|M0 18|M0 18|M3 29|M1 30|M4 24|M2
√ √ √ √

62% 40.7 22|M1 20|M3 25|M4 29|M2 26|M4 30|M2
√ √ √ √

Table 13. Numerical distribution of the cooling/heating setpoint temperatures in different character-
istic stages of AC usage when the optimisation objective is satisfied.

Operating
Condition

Numerical Distribution of the Cooling/Heating Setpoint Temperature

Heating

H1: Early spring and late autumn H2: Early and late winter H3: Mid-winter

Cooling

C1: Late spring and early autumn C2: Early and late summer C3: Mid-summer

175



Energies 2025, 18, 6130

Table 14. Numerical distribution of the coupling pattern between NV and AC operation in different
characteristic stages of AC usage when the optimisation objective is satisfied.

Operating
Condition

Numerical Distribution of the Coupling Pattern Between NV and AC Operation

Heating

H1: Early spring and late autumn H2: Early and late winter H3: Mid-winter

Cooling

C1: Late spring and early autumn C2: Early and late summer C3: Mid-summer

The AC system’s set temperature is limited in different characteristic stages of AC
usage to achieve the optimisation objective of simultaneously dominating four reference
points. In heating conditions, air conditioning should be set to the following temperatures:
19–23 ◦C during the late autumn and early spring, 18–24 ◦C during the early and late
winter, and 24–25 ◦C during the mid-winter stage. In cooling conditions, air conditioning
should be adjusted to these temperatures: 25–29 ◦C during late spring and early autumn,
24–26 ◦C during early and late summer, and 30 ◦C during mid-summer.

In order to meet the optimisation objectives of simultaneously dominating four refer-
ence points, the suitability of different coupling patterns between NV and AC operation
varies at different characteristic stages of AC usage. In heating conditions, the M1 pattern
(fixed ventilation in the morning) is recommended during the late autumn and early spring,
the M3 pattern (opposition all-day) is recommended during the early and late winter, and
the M4 pattern (opposition overnight) is recommended during the mid-winter stage. In
cooling conditions, the M3 or M2 pattern (fixed ventilation overnight) is recommended
during late spring and early autumn, the M4 pattern is recommended during early summer
and late summer, and the M2 pattern is recommended during mid-summer.

4.2. Generation of Integrated Optimisation Strategies Based on the Decision-Making Model

Behavioural optimisation strategies involve exploring the optimal combinations of
stochastic HVAC behaviours while maintaining fixed thermal performance conditions of
the building envelope. The focus is on behavioural management during the case building’s
operational phase. When implementing integrated optimisation strategies, the objective
is to identify the optimal solutions for the thermal performance of the building envelope
during the design phase and to encourage behavioural adjustments from occupants during
the operational phase. Consequently, all decision variables derived from the building
design scheme and the adaptive behaviours are considered independent variables. The
parameters under consideration are as follows: the heat transfer coefficient of the external
wall, the roof, the internal wall, and the external window; the solar heat gain coefficient
(SHGC) of the external window; air permeability performance; and the coupling pattern
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between NV and AC operation. The ranges of values for decision variables are defined
in Table 8.

To explore integrated optimisation strategies, it is necessary first to establish specific
optimisation objectives. For instance, the coordinates of a reference point (C) can be
defined as (xC, yC) with the optimisation objective tailored according to this reference point.
Configuring different population sizes and iteration numbers is possible based on different
control ranges within the target variable’s value domain. As demonstrated, integrated
optimisation strategies that meet these objectives can be obtained by repeatedly utilising
the multi-objective optimisation decision-making model based on the NSGA-II algorithm.

This study adopts the annual AC load per unit area corresponding to reference point C
as the AC energy-saving target and investigates optimisation strategies for indoor thermal
comfort at the corresponding AC energy consumption level. Therefore, the range of
the target variable, the annual AC load per unit area (OP_01), is controlled, while the
comprehensive uncomfortable hours (OP_02) range remains unrestricted. Specifically, the
upper limit of the AC load per unit area, max_OP_01, is set to (xC + k), and the lower limit,
min_OP_01, is set to (xC − k). It is crucial to note that the upper and lower limits must
be distinct; hence, they are set to similar but different values, with k defined as necessary
for the solution.

Taking reference point B1 in the optimisation objective as an example, a value is
designated to reference point C. The annual AC load per unit area corresponding to B1 is
59.33 kWh/m2; therefore, OP_01 is assigned the value of 59.33 kWh/m2. With k1 defined
as 0.5, the upper and lower bounds of the target variable domain are adjusted as follows:
max_OP_01 = −59.83, min_OP_01 = 58.83, max_OP_02 = 2000, and min_OP_02 = 0. The
optimisation potential of the integrated optimisation strategy that can dominate reference
point B1 is demonstrated in Figure 5 under this optimisation objective.
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Figure 5. Optimisation potential of the integrated optimisation based on the AC energy consumption
of the reference point B1.

Under the optimisation objective, implementing integrated strategies will achieve
the optimal indoor thermal comfort level, characterised by a proportion of uncomfortable
hours of 6.23%. As shown in Table 15, delineating disparate thermal comfort optimisation
objectives at 10% intervals achieves the integrated optimisation strategies for distinct
thermal comfort levels.
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Table 15. Samples of the integrated optimisation strategies for different thermal comfort levels (based
on the AC energy consumption of reference point B1).

Proportion of
Uncomfortable

Hours

Integrated Optimisation Strategy Behavioural Optimisation Strategy

Heat Transfer Coefficient [W/(m2·K)] SHGC of
the

External
Window

Air
Permeability

(ach)

Cooling/Heating Setpoint Temperature (◦C)|Coupling
Pattern Between NV and AC Operation

External
Wall

Roof
Internal

Wall
External
Window

H1 H2 H3 C1 C2 C3

6.23% 0.15 0.15 1.06 2.2 0.33 0.1 24|M0 24|M4 24|M2 25|M0 24|M1 24|M1
10.00% 0.15 0.31 2.81 2.85 0.29 0.12 26|M3 25|M1 24|M0 26|M3 25|M4 24|M1
20.00% 0.36 0.31 3.37 2.77 0.29 0.11 27|M2 22|M2 24|M0 27|M0 25|M2 24|M1
30.00% 0.41 0.51 4.24 2.4 0.22 0.18 27|M3 21|M1 24|M4 20|M3 25|M0 24|M1
40.00% 0.72 0.48 3.88 3.94 0.53 0.1 29|M0 22|M4 19|M0 27|M4 24|M0 24|M2
50.00% 1.6 0.49 1.06 3.34 0.59 0.29 29|M1 25|M4 18|M0 26|M1 29|M4 24|M4
60.00% 1.69 0.67 3.27 3.11 0.93 0.26 20|M0 23|M1 18|M0 27|M0 29|M2 24|M2
70.00% 0.42 1.11 1.2 3.68 0.25 0.59 28|M0 19|M2 22|M1 23|M3 29|M2 25|M2
80.00% 0.91 0.69 1.28 3.78 0.62 0.53 24|M4 18|M1 21|M3 25|M4 26|M3 26|M3
84.82% 1.38 1.61 4.45 3.1 0.47 0.15 28|M1 20|M2 29|M4 25|M4 28|M4 30|M1

Establishing clear optimisation objectives, implementing a multi-objective optimi-
sation decision-making model based on the NSGA-II algorithm for building AC energy
consumption and indoor thermal comfort, and deriving integrated strategies that meet
these optimisation objectives are all possible. This model provides a framework for design-
ing the thermal performance of building envelopes during the building design phase and
managing occupants’ HVAC behaviour during the building operation phase.

5. Conclusions

The paper focuses on constructing and applying a multi-objective optimisation
decision-making model for AC energy consumption and indoor thermal comfort. A
stochastic prediction model of HVAC behaviour has been developed, and the influencing
factors have been identified through preliminary studies. Based on these findings, the
paper proposes a multi-objective optimisation decision-making model. The model aims to
provide scientific foundations and practical tools for the AC energy conservation and ther-
mal comfort optimisation strategies for naturally ventilated research buildings in China’s
hot summer and cold winter climate zones.

(1) Take the case building as an example. A rapid prediction model for building air
conditioning (AC) energy consumption and indoor thermal comfort was constructed
based on a BP neural network. Using important influencing factors of the target
variables as decision variables, the model efficiently and accurately predicts the AC
load per unit area and the comprehensive uncomfortable hours for the case building
under the various operating scenarios, providing data support for multi-objective
optimisation decision-making.

(2) A multi-objective optimisation decision-making model regarding AC energy con-
sumption and indoor thermal comfort was constructed. Implementing the model
generates passive optimisation strategies for the design phase, behavioural optimisa-
tion strategies for the operational phase, and integrated optimisation strategies for
both phases of the case building. Furthermore, it can output corresponding strategy
combinations based on predefined optimisation objectives, providing a scientific basis
for building energy retrofitting and operational management.

(3) Research was conducted on the application of multi-objective optimisation decision-
making models, examining behavioural and integrated optimisation strategies under
different operating conditions:

• The P04 operating condition, as outlined in the current Design standard for energy
efficiency of public buildings, serves as a case study. Substantial AC energy savings
and improvements in thermal comfort can be realised by adjusting the stage-
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based cooling/heating setpoint temperature and the coupling pattern between
NV and AC operations. This has led to meeting the optimisation objectives for
B1, B2, B3, and B4. Additionally, it has been demonstrated that reducing AC
energy consumption to 40.7 kWh/m2 is possible while reducing the proportion
of uncomfortable hours to 53%.

• Utilising B1 as the reference point, the multi-objective optimisation decision-
making model regulates AC energy consumption limits. It combines passive and
behavioural strategies to create integrated optimisation strategies for varying
indoor thermal comfort levels. Consequently, the proportion of uncomfortable
hours has been reduced to 6.23%.

However, the study does have limitations. These primarily involve the lack of gen-
eral applicability of the multi-objective optimisation decision-making model, the incom-
pleteness of the behaviour prediction model, the overlooking of the impact of individual
temperature regimes on indoor setpoint temperature, and the absence of a practical value
assessment of the optimisation strategy. First, the model mainly focuses on small and
medium-sized research buildings in specific regions, necessitating improvements to its
general applicability. Second, the behaviour prediction model does not adequately con-
sider the various occupant behaviour patterns, such as spatial movement and clothing
adjustment, which impact accuracy. Third, the setpoint temperatures of all AC zones are
set as a single uniform variable, resulting in consistent target temperatures across all rooms
and disregarding the differentiated thermal environment needs of different individuals.
Finally, the optimisation strategies lacked a cost–benefit analysis, limiting their feasibility
in practical applications.

Future work will take three approaches to address these limitations. First, the model’s
applicability will be expanded to cover more regions and building types, and in-depth
research will be conducted on the behavioural characteristics of different users. Second,
improving the accuracy of behavioural prediction models requires capturing the diversity
of user behaviour through a broader range of actual measurement data. Third, for different
AC zones, separate variables for cooling/heating setpoint temperatures will be established,
and variables for PMV thermal comfort range limits will be added, aiming to achieve differ-
entiated control of indoor thermal requirements. Finally, cost analysis will be incorporated
into evaluating optimisation strategies to ensure their economic feasibility and practical
value. This will provide more comprehensive guidance for practical applications.
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Abstract

Achieving the decarbonization of the building stock by 2050 requires not only technological
innovation but also strategies capable of addressing energy poverty, which threatens
to exclude millions of households from a fair transition. Measuring this phenomenon
remains challenging: at the European level, monitoring systems rely mainly on aggregated
statistics, useful for territorial comparisons but often too approximate to describe the
conditions of individual households and dwellings. This paper proposes a building-scale
methodology that integrates socio-economic and technical data collected directly through
surveys, interviews, and utility bills. The approach was applied to a private multi-family
building built in the early twentieth century in Turin (Italy), involving 16 households.
Results indicate that 31% of households exceed the 10% energy expenditure threshold,
with heating emerging as the main cost driver. Correlation analyses suggest that single
parameters such as income or dwelling size are not sufficient on their own to explain
vulnerability, whereas the integration of socio-technical factors provides a more detailed
picture of household conditions. Based on this evidence, four intervention strategies were
developed, ranging from the insulation of the envelope to the installation of photovoltaics,
conceived to be implemented progressively according to real technical and economic
constraints. The novelty of this study lies in linking building-scale evidence with concrete
design solutions, bridging the gap between measurement and action.

Keywords: energy poverty; climate neutrality; multi-family buildings; energy efficiency;
survey; residential buildings; space heating; building renovation; interviews

1. Introduction

The decarbonization of the building stock by 2050 represents one of the most ambitious
challenges set by the European Union within the framework of the Green Deal. Achieving
this objective requires a profound transformation of energy systems, still largely dependent
on fossil fuels, with wide-ranging economic and social implications. Within this transition,
energy poverty (EP) emerges as a central barrier: households living in inefficient dwellings
and struggling to afford energy costs risk being excluded from a fair and inclusive energy
transition [1–3].

In 2022, more than 41 million European citizens reported being unable to keep their
homes adequately warm [4], with direct consequences for well-being, health, and social in-
clusion. EP is commonly defined as “the inability to access adequate energy services” [5,6]
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and is recognized as a complex and multidimensional condition, resulting from the inter-
action of insufficient household income, high energy expenditures, and poor efficiency
of buildings and technical systems. Additional factors such as housing precarity, unem-
ployment, health problems, or the presence of dependent children and elderly people can
further exacerbate household vulnerability [7,8].

1.1. Legislative Framework and Policy Initiatives

The issue of EP was first introduced into the European regulatory framework with
Directive 2009/72/EC, which incorporated the concept into energy policies. Since then, the
European Union has progressively reinforced its attention to this phenomenon, recognizing
its social and structural implications. With the Energy Efficiency Directive 2012/27/EU [9]
and the Energy Performance of Buildings Directive (EPBD) 2018/844/EU [10], the reduction
in EP was explicitly linked to building renovation policies, promoting measures to improve
the performance of the existing building stock [11].

A major step forward is represented by the recent recast of the EPBD (Directive
2023/2407) [12], adopted in March 2024, which requires Member States to implement
specific instruments to address EP. These include transparent monitoring systems, targeted
incentives for the worst-performing buildings, and financial support for vulnerable house-
holds. The focus is therefore not only on improving energy efficiency, but also on ensuring
a just transition, acknowledging that many households lack the financial capacity to cover
upfront renovation costs and cannot fully benefit from tax deduction mechanisms [13–15].

Despite this regulatory progress, EP remains widespread, with particularly high
incidence in some countries: Bulgaria (27%), Lithuania (23%), and Greece (17%) [4]. In
Italy, the National Observatory on EP estimated that by the end of 2021 the phenomenon
affected 2.2 million households (8.5% of the total), a percentage that further increased in
2022 due to rising energy prices [16].

Similar socio-technical dynamics have also been observed in non-European contexts,
where energy poverty and energy deprivation are increasingly framed within broader
debates on energy justice and housing inequality [17,18].

Policy responses among Member States have been heterogeneous, partly due to the
absence of a shared definition [19]. The most common instrument used to fight EP is direct
subsidies to households, which is considered a temporary measure [20]. Alongside these,
more structural incentives have been introduced, which allow households to recover part
of the energy renovation costs over the years [21]. Nevertheless, these measures are often
not fully accessible to low-income households, given the need to anticipate expenses.

Overall, while such policies provide immediate relief and stimulate long-term invest-
ments, they often do not allow a precise identification of the most vulnerable households,
nor a full understanding of the mechanisms driving EP. This suggests the importance of
developing robust measurement methods capable of analyzing EP at a finer scale, thereby
supporting more targeted and effective policy interventions.

At EU level, several dedicated initiatives have been launched to support the identi-
fication and mitigation of energy poverty, including Horizon 2020 projects focusing on
monitoring and policy design. A notable example is the ENPOR project (“Actions to
Mitigate Energy Poverty in the Private Rented Sector”) [22], which develops guidelines,
support schemes and an Energy Poverty Dashboard to identify and address energy poverty
in the private rented sector across seven Member States. However, these initiatives mainly
operate at program and territorial level and do not provide a standardized, field-based
diagnostic framework at the scale of individual buildings. This reinforces the need for
operational micro-scale methodologies, such as the one proposed in this paper, which can
generate building-level evidence to complement EU monitoring tools.
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1.2. Literature Framework and Measurement Insights

The lack of uniformity among European countries, both in the definition of EP and in
the strategies adopted to address it, reflects country-specific socio-economic conditions and
policy priorities [23]. This heterogeneity is also evident in the scientific literature [24]. Early
studies mainly focused on quantifying the diffusion of the phenomenon, with particular
attention to the share of energy expenditure in household income or to the inability to
meet basic energy needs due to supply constraints. A fundamental contribution in this
regard is that of Boardman (1991), who defined EP as the condition in which a household
spends more than 10% of its income on energy bills [25]. This indicator, still widely used
today, represented a turning point in the debate by explicitly linking energy issues with
social welfare.

Over the past three decades, the debate has broadened across multiple disciplines,
generating a wide range of definitions that reflect economic, sociological, and technical
perspectives [23,26]. Some studies have proposed methods and indicators to measure the
incidence of EP [27], while others have focused on the socio-demographic characteristics
of affected households, thereby contributing to a more articulated understanding of the
issue [28].

To provide a clearer analytical structure, the existing literature on energy poverty
can be broadly grouped into two main scales of analysis. Macro-scale approaches rely on
national and European datasets (EU-SILC, Eurostat, ARERA), enabling territorial compar-
isons and long-term monitoring. Micro-scale approaches, by contrast, are based on direct
field data as household surveys, interviews, utility bills and building inspections, and allow
for a detailed socio-technical understanding at the dwelling level. The review presented
below follows this macro–micro distinction.

Macro-scale approaches have been widely used to produce urban or regional maps
of energy vulnerability [29–31]. A notable example is the study of Bologna [32], which
combined EUROSTAT data, municipal EPC records, and information from the Italian
regulatory authority (ARERA) to identify the most vulnerable areas.

More recently, Desvallées [33] and colleagues have demonstrated how geospatial map-
ping techniques, when based on household- and neighborhood-level data, can effectively
support policy planning. However, when only aggregated data are available, it becomes
difficult to identify the specific households experiencing EP.

Micro-scale approaches, by contrast, are based on the direct collection of data through
questionnaires, interviews, and building surveys [6,33–35]. This perspective allows re-
searchers to capture the interplay between technical, economic, and social factors, provid-
ing a more detailed representation of household conditions. Several contributions have
demonstrated that the building scale is particularly suitable for integrating socio-economic
conditions with the physical and energy characteristics of dwellings [36].

For instance, Grdenić et al. [37] analyzed 102 households in Croatia, showing how
combining socio-economic and technical data enables the identification of targeted solu-
tions; while Fabbri and Camboni [30,32] highlighted, in the case of social housing, how
building inefficiencies directly affect vulnerability and how renovation strategies must be
aligned with residents’ needs.

Other authors have experimented with multidimensional approaches. At the Euro-
pean level, Menyhért showed that the use of different indicators (10% threshold, LIHC,
subjective measures) [38] leads to the identification of different vulnerable groups, thereby
underlining the challenges of comparability across contexts.

A recurring issue thus concerns not only the lack of consistency across methodologies,
but also the heterogeneity of measurement criteria, which can lead to divergent and
difficult-to-compare results [39]. In this context, datasets derived from national statistical
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surveys, while useful for territorial comparisons, often provide an overly approximate
representation of EP. An alternative is offered by building-scale surveys, which, through
questionnaires, interviews, and technical assessments, make it possible to collect more
detailed information, closer to the actual living conditions of households.

Although micro data cannot fully replace large-scale statistical analyses, they provide
an essential contribution by highlighting their limitations and suggesting measurements
more closely aligned with everyday reality. From this perspective, direct surveys should
not be considered as an isolated approach, but as a complementary and potentially more
effective tool to support targeted policies and intervention strategies that are genuinely
responsive to the needs of households.

Within this macro–micro landscape, the present study adopts a micro-scale perspective,
relying on detailed household-level data that cannot be captured through aggregated
statistical indicators.

1.3. The Role of Building Quality in EP

Several studies have shown that the physical characteristics of buildings, and, in
particular, the performance of the building envelope, have a significant impact on the
risk of EP. Dwellings with poor insulation or inadequate energy performance lead to
higher energy consumption and costs, which are often unsustainable for households and
exacerbate situations of social vulnerability.

A number of authors have underlined that the inefficiency of the existing building
stock is one of the main structural drivers of EP in Europe [40]. In particular, buildings
constructed before the introduction of thermal performance regulations are characterized
by high levels of heat loss, making it difficult to ensure minimum comfort conditions
without excessive expenditure.

Fabbri et al. (2023) [41], analyzing a social housing complex in Italy, demonstrated
that progressively increasing the insulated surface of the building envelope results in a
marked reduction in heating demand and, consequently, of EP risk, although with different
effects between winter and summer seasons. Gradual renovation scenarios can represent a
realistic strategy for the existing building stock, especially in social housing contexts where
resources are limited and interventions must minimize disruption for residents.

Empirical evidence from various European countries further confirms that inadequate
housing conditions, such as small dwellings, dampness, thermal dispersion, and poor
construction quality, are strongly correlated with higher levels of EP. This indicates that
tackling EP requires not only income support measures but also structural interventions to
improve housing conditions.

From this perspective, the joint assessment of households’ socio-economic characteris-
tics and the technical quality of buildings, as proposed in this study, is essential to develop
targeted intervention strategies that are both effective and socially equitable.

1.4. Objectives and Contributions of the Research

As discussed above, the building scale represents a meaningful level of analysis where
the technical characteristics of dwellings and the socio-economic conditions of households
converge. This research builds on this perspective by proposing a building-scale approach
to measuring EP, based on the direct collection of field data. The methodology is explicitly
conceived as a micro-scale approach, relying on surveys, interviews, utility bills and
technical inspections carried out directly at household and dwelling level. This fine-
grained evidence enables an analysis of socio-technical mechanisms that remain invisible
in macro-scale indicators.
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The innovative aspect lies in the systematic integration of technical, energy, and socio-
economic information, which enables a close examination of how building features and
household conditions interact in shaping vulnerability.

The case study is located in Turin (Piedmont, Italy) and concerns a representative
early 20th-century private multi-family building. Within this context, socio-economic,
technical, and energy information was systematically collected through surveys, interviews,
and documentary research. This dataset enables the assessment of EP incidence and the
identification of the main factors influencing vulnerability, while also providing a concrete
basis for developing potential intervention scenarios.

The main contributions of the research can be summarized as follows:

• Methodological: presentation of a building-scale approach capable of integrating techni-
cal, energy, and socio-economic dimensions within a single interpretative framework.

• Empirical–applicative: analysis of a residential building representative of the historic
housing stock found in many European cities, offering insights into the relationship
between building quality and energy vulnerability.

• Operational: demonstration of how field data can be directly translated into actionable
intervention strategies, linking building renovation options with the actual conditions
and needs of residents.

From this perspective, the study contributes to bridging the gap between analysis and
action, providing tools to support more targeted and effective policies for reducing EP.

2. Materials and Methods

2.1. Methodological Framework

The methodology adopted in this study relies on a direct field approach aimed at
collecting reliable and multidimensional data on EP at the building scale. It integrates
information on the architectural and physical features of dwellings, household energy
consumption and technical systems, together with socio-economic characteristics such as
family composition, income, and household size.

The methodological process was structured into six main phases:

1. Case study identification and selection;
2. Household survey and utility bills collection (combining socio-economic, behavioral,

and technical information);
3. Reconstruction of household energy balance;
4. Definition and Calculation of EP Indicator (using the Boardman 10% threshold);
5. Indicators and calculation procedure;
6. Identification of potential mitigation strategies.

This stepwise organization ensures clarity and replicability, making the methodology
adaptable to different contexts and building stocks.

The overall process is illustrated in Figure 1, which summarizes the input data, the
assessment phases, the EP measurement, and the resulting output strategies.

Some limitations should be acknowledged. The method relies on the active cooper-
ation of households and on the availability of socio-economic and energy data. Missing
information (e.g., incomplete meter readings or unavailable criteria for heat cost allocation)
and uneven participation may reduce completeness. Nevertheless, even under partial par-
ticipation, the methodology demonstrated robustness and feasibility, generating datasets
suitable for both targeted interventions and comparative research.

Overall, the methodology has a twofold value: it enables the identification of practical
and targeted strategies by linking consumption profiles with socio-economic vulnerability,
while at the same time producing micro-scale datasets that can complement and validate
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national or regional statistics, thus enhancing the transferability of results. It should also be
emphasized that the methodology was primarily conceived for application in the private
residential sector. In the case of public housing, the approach could be replicated; however,
the interaction with public authorities may affect data collection processes. Specifically,
certain information, such as original design documents, historical records, and consumption
data, may be more readily available due to the existence of institutional archives, thereby
potentially facilitating the implementation of the method.

Figure 1. Flowchart of the proposed methodology, showing input data, assessment phases, EP
measurement, and output strategies.

2.2. Case Study Identification and Selection

The identification of a suitable case study represents an essential step, as it directly
influences both the methodological approach and the type of results obtained. Two main
criteria were adopted for the selection process. The first criteria concerned the represen-
tativeness of the building stock. Since a large share of the European residential heritage
was constructed before the introduction of energy efficiency regulations, it was considered
essential to focus on a building that could reflect these characteristics. According to national
statistics, more than 70% of the housing stock in Italy was built before 1980 and approxi-
mately 25% before 1945 [42]. Before any regulatory requirements on thermal performance
were established. The choice of an early 20th-century multi-family building therefore
ensured that the analysis would be relevant for a wide segment of the national context.

The second criterion related to the feasibility of data collection. The methodology
relies on the active cooperation of residents, who are required to provide both socio-
economic and energy-related information. Previous field-based studies on EP have shown
that successful data collection is strongly conditioned by local trust and willingness to
collaborate, sometimes supported by institutional actors [43]. For this reason, particular
attention was given to selecting a case where such cooperation was achievable. While
participation can remain uneven, leading to potential gaps or inconsistencies in the dataset,
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this approach allows for the acquisition of detailed information that would otherwise be
unattainable through purely statistical or indirect methods.

2.3. Household Survey and Utilitybills Collection

Household data were collected through semi-structured questionnaires and interviews,
administered directly to at least one member of each family. The survey design was
informed by previous research on EP [27,37,43] and articulated into three thematic sections:

• Energy use: Past electricity and gas consumption, heating and cooling practices,
appliance stock, and operating habits.

• Perceptions of the energy crisis: Household awareness of rising energy expenditure
and behavioral strategies adopted to reduce consumption.

• Socio-economic data: Household composition, education, employment status, monthly
income, and arrears in energy bill payments.

The questionnaire, developed at the FULL Laboratory of the Polytechnic of Turin,
consisted of about 130 questions and combined closed and open-ended items, ensuring
comparability across households while allowing for additional qualitative insights. Each
session lasted 20–35 min and included the collection of utility bills. An extract of the
questionnaire structure is provided in Figure 2, illustrating the comprehensiveness of the
survey design.

Figure 2. Extract of the questionnaire used during the interviews.

Utility bills served as the primary source of quantitative data on household energy use,
providing annual values of consumption and associated costs. These were cross-checked
and complemented with questionnaire responses to identify installed systems (heating,
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cooling, and domestic hot water) and their patterns of use. Special attention was devoted
to appliances: respondents provided details on type, efficiency class, and operating hours,
which allowed electricity demand to be estimated in a way that reflected actual household
behavior rather than relying solely on standardized assumptions.

This integration of survey information and bills provided a coherent dataset for
reconstructing household energy balances. This approach made it possible to distinguish
the contributions of different energy carriers:

• gas for heating, cooking, and hot water;
• electricity for appliances and lighting.

In cases where electricity was used for cooking or hot water, these components were
isolated to avoid distortions in the allocation of end uses. Figure 3 illustrates the framework
for household energy balance, highlighting the flow from energy carriers to end uses.

Figure 3. Framework for household energy balance.

2.4. Energy Balance Reconstruction

Household energy balances were reconstructed by combining bill-derived consump-
tion values with the efficiencies of technical systems, thus estimating delivered energy for
each end use.

Electricity demand associated with appliances was refined using the additional appli-
ance data (type, efficiency, and daily use). In households with induction cooking or electric
water heating, these loads were calculated separately to ensure correct allocation. This step
provided a comprehensive overview of household consumption profiles, linking technical
system performance with behavioral and socio-economic factors.

2.5. Definition and Calculation of EP Indicator

Once all data had been collected, the analysis phase was carried out to measure EP.
This study applied the indicator proposed by Boardman [25], which defines a household as
being in EP if it spends more than 10% of its income on energy services, including costs
for space heating, domestic hot water, lighting, appliances, and cooking. To apply this
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threshold, both household income and total energy-related expenditures were required.
This is a widely used indicator in international literature, offering a clear and comparable
benchmark, although it does not capture all dimensions of the phenomenon.

It should be acknowledged that, while the Boardman threshold remains a robust and
historically significant reference, it only reflects the share of energy expenditure relative to
household income. As such, it does not account for other dimensions of EP, such as thermal
comfort, arrears on energy bills, or non-monetary forms of deprivation.

Nevertheless, the comprehensive design of the questionnaire, which collected informa-
tion on household perceptions, payment arrears, and comfort levels, provides the potential
to construct additional multidimensional indicators of EP. Although these were not applied
in the present study, they represent an important extension of the methodology and could
be exploited in future research.

To further characterize household energy profiles, primary energy values were also
calculated for each dwelling, using the national conversion factors established by DM
26-06-2015 Requisiti Minimi [44]. This step complemented the economic assessment
with a technical indicator, providing a more comprehensive representation of household
energy conditions.

2.6. Indicators and Calculation Procedure

The measurement follows the following steps.
The definition of a limit income, which represents the risk of ending up in EP,

defined as
IEPR = I × tep [€/year] (1)

where
IEPR is the limit income EP risk [€/year];
I is the annual family income [€/year];
tep is the EP risk threshold, set to 10% from the Boardman’s definition.
Annual energy expenditure for electrical and thermal uses

CENE = CENE,gas + CENE,ele [€] (2)

where
CENE is the total Energy expenditure for electrical and thermal uses;
CENE,gas is the obtained from the sum of consumption dedicated to heating, cooktop

and DHW if presented as

CENE,gas = (Qh + Qcook + QDHW) × Cgas [€] (3)

where
Qh is the heating consumption [kWhg];
Qcook is the cooktop consumption [kWhg];
QDHW is the domestic hot water consumption [kWhg];
Cgas is the natural gas cost factor [€/kWhg];
CENE,ele is the obtained from the sum of consumption dedicated to appliances, lighting

and DHW if presented as

CENE,ele = (Eapp + ELight + EDHW) × Cele [€] (4)

where
Eapp is the electricity consumption dedicated to appliances [kWhe];
ELight is the electricity consumption dedicated to lighting [kWhe];
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EDHW is the electricity consumption dedicated to domestic hot water [kWhe];
Cele is the energy cost factor [€/kWhe].
If CENE > IEPR possible risk of EP.
Additional indicators considered are the total primary energy (Ep,gl,tot) of the energy

carriers, which incorporates both the non-renewable component (EP,gl,nren) and the re-
newable component (EP,gl,ren). To calculate the total primary and non-renewable energy
input, the household’s electricity and gas consumption are multiplied by the corresponding
conversion factors indicated in DM 26-06-2015 Requisiti Minimi [44].

Primary energy is obtained by multiplying the input energy vector by its own conver-
sion factor

EP,gl,nren = EENE,gas × ƒP,nren,g + EENE,ele × ƒP,nren,ele (5)

where
EENE,gas is the natural gas input energy carrier [kWhg/m2a];
ƒP,nren,gas is the natural gas non-renewable conversion factor of 1,05 [-];
ƒP,ren,gas is the natural gas renewable conversion factor of 0 [-];
ƒP,tot,gas is the natural gas total conversion factor of 1.05 [-];
and
EENE,ele is the electricity input energy carrier [kWhe/m2a];
ƒP,nren,ele is the electricity non-renewable conversion factor of 1.95;
ƒP,ren,ele is the electricity renewable conversion factor of 0.47;
ƒP,tot,ele is the electricity total conversion factor of 2.42.

2.7. Identification of Potential Mitigation Strategies

The final step of the methodology concerns the identification of potential strategies to
mitigate EP. This step builds directly on the previous phases, as it relies on the integrated
analysis of household profiles, socio-economic vulnerability, and building quality. In
particular, the identification of households experiencing EP, together with the assessment
of their dwelling characteristics and system performance, provides the basis for defining
suitable intervention options.

The process does not aim to prescribe specific measures in advance, but to establish
a structured framework that connects the evidence collected, including energy balances,
building envelope quality, system efficiencies, and socio-economic indicators, to possible
response strategies. These may range from technical measures on the building and its
systems, to behavioral recommendations or financial support mechanisms adapted to
household capacity. The concrete outcomes of this step are inherently case-specific and
are presented in the Development of strategies section. Methodologically, however, its
relevance lies in showing how field-based micro-scale evidence can be operationalized into
a decision-support framework that moves beyond the measurement of EP and towards the
formulation of actionable solutions.

3. Case Study

3.1. Building Characteristics

The case study concerns a six-story masonry private multi-family building located in
Turin, originally built in 1928 by the Molini Dora company (Torino, Italy). The building
comprises a total of 30 apartments (five per floor) with mixed residential and commercial
use. Figure 4 illustrates the exterior of the building, which has two main entrances due to
the slope of the ground. The overall condition is generally acceptable, although several
deficiencies were observed, including deteriorated balconies, plaster detachment, and
aluminum window frames with poor thermal performance.

191



Energies 2025, 18, 6194

 
Figure 4. Picture of the case study building.

The main physical and technical features of the building are summarized in Table 1.
In addition to its morphological characteristics, the building is equipped with a centralized
heating system. For the estimation of domestic hot water efficiency, typical coefficients
were assumed: 0.82 for gas water heaters and 1.0 for electric water heaters, reflecting the
heterogeneous technological solutions currently in place.

Table 1. Characteristics of the case study.

Type of building Private multi-family building

Construction company Molini Dora

Year of construction 1928

Number of floors 6

Number of apartments per floor 5

Height building 21 m

Building’s cubage 11,572 m3

Total free area of the building 1251 m2

Area covered by the building 556 m2

Free area of the yard 695 m2

Type of structure load-bearing masonry

Heating systems centralized heating

Intended purpose residential and commercial

3.2. Architectural History and Transformations

An extensive archival investigation was conducted to reconstruct the history and trans-
formations of the building. Original project drawings preserved in the municipal archives,
building permits (SCIA, DIA), and other official records were analyzed, complemented by
on-site surveys and direct consultation with residents.

The main changes documented over time include, the following:

• Subdivision of internal spaces to create additional dwellings;
• Increase in the number of units per floor;
• Installation of an external elevator;
• Conversion of the ground floor from residential to commercial use.
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These transformations are illustrated in Figure 5, which presents the timeline of
modifications. Importantly, the historical analysis revealed that no energy retrofitting inter-
ventions have ever been carried out. This strongly suggests that the building still performs
with very limited energy efficiency, in line with its original construction characteristics.

Figure 5. Timeline of transformations of the case study building.

4. Results

4.1. Survey Participation and Socio-Demographic Profile

The survey achieved a participation rate of 55%, corresponding to 16 households and
31 individuals. This level of response was considered sufficient to capture both the social
and energy-related dimensions of the case study.

In terms of household structure, 30% were single-person households and 37% were
couples, indicating a predominance of small household sizes. The age distribution revealed
a concentration in the youngest and oldest groups, highlighting two segments of the
population typically associated with higher vulnerability. Occupational status reflected a
similar pattern, with 31% of respondents being retired individuals and 24% students.

Tenure status represented an additional dimension of potential vulnerability: 56%
of households were tenants and 44% were homeowners. This distinction has direct im-
plications for energy retrofitting, as tenants generally have limited capacity to influence
investment decisions. The average annual household income was €21,150, a value that
already points to economic fragility and may restrict access to renovation incentives.

4.2. Energy Balance at Household Scale

All apartments were connected to a centralized gas-fired heating system, while do-
mestic hot water (DHW) production was more heterogeneous. Some households relied on
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individual gas boilers, others on electric water heaters, introducing variability that later
proved significant in the analysis of consumption profiles.

To illustrate the analytical process adopted in this study, Household 5 was selected
as a representative example, since its values were close to the sample average. The case
provides a practical demonstration of how consumption data were collected, disaggregated,
and integrated into a comprehensive household energy balance.

Electricity consumption, reconstructed from utility bills, is reported in Table 2. The
household displayed a stable monthly demand of approximately 110 kWh, with a total
cost of €176.25 over the three months considered. This corresponded to an annual specific
demand of 29.3 kWhe/m2.

Table 2. Electricity consumption from household 5 bills.

Year Month Consumption [kWhe] n. Days €/kWhe Euro

2021 November 108 30 0.58 62.1

2021 December 111 31 0.57 63.7

2022 January 111 31 0.45 50.45

Total 330 92 176.25

Average monthly consumption
[kWhe] 110

Average annual consumption
[kWhe/m2] 29.3

Natural gas consumption for cooking and DHW (excluding space heating) is summa-
rized in Table 3. Annual demand amounted to 39.14 kWhg/m2, with an associated cost of
about €190. When space heating is included, total gas consumption increases substantially,
confirming the dominant role of heating in the overall household energy balance.

Table 3. Natural gas consumption from household 5 bills (excluding space heating).

Year Month smc Consumption [kWhg] n. Days €/kWhg Euro

2022 April–August 54 577.26 122 0.12 70.92

2022 August–December 54 577.26 114 0.20 118.96

Total 108 1154.52 236 190

Average monthly consumption
[kWhg]

Average annual consumption
[kWhg/m2]

146.78 39.14

Beyond aggregated electricity use, the methodology allowed a detailed disaggrega-
tion by end use, thanks to the integration of questionnaire information on appliances and
operating habits. As shown in Table 4, appliances accounted for the majority of electric-
ity demand (23.5 kWhe/m2a), while lighting represented a smaller but non-negligible
component (5.7 kWhe/m2a).

The complete household energy balance is illustrated in Figure 6. The diagram shows
the flow of energy carriers (input), technical systems, and final end uses. The accompanying
pie chart highlights that heating represented by far the largest share of energy demand,
overshadowing all other end uses combined.
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Table 4. Analysis of the calculation of energy dedicated to household appliances.

Appliance
Consumption

kWhe
n. Device Weekly Use

Monthly Consumption
kWhe

Annual Consumption
kWhe

Washing machine (cycle) 1.35 1 2 10.61 129.73

Fridge (hour) 0.82 1 168 23.01 300.00

Dishwasher 1.05 1 2 8.40 100.80

Oven (hour) 1.20 1 3 28.80 345.60

Toaster (cycle) 0.03 1 4 0.48 5.76

Television (hour) 0.3 1 21 6 72.00

Mobile phones 0.05 2 7 5.60 73.00

Printer 0.1 1 2 0.8 9.6

Playstation 0.14 1 8 4.48 58.24

Router wifi 0.288 1 168 8.06 96.77

85.64 1061.77

Average monthly consumption
[kWh]

Average annual consumption
[kWh/m2a]

85.64 23.5

Figure 6. Example of energy balance for a household.

4.3. Energy Balance at Building Scale

Extending the analysis to all 16 households confirmed the trends observed at house-
hold level. Average electricity demand was 19.6 kWhe/m2a, while natural gas demand
reached 326 kWhg/m2a (Table A1, Appendix A). Energy expenditure, reconstructed from
utility bills and centralized heating records, is summarized in Table A2 (Appendix A). On
average, heating represented by far the largest financial burden, with an annual cost of
€1333 per household. Variations in other end uses were smaller and largely explained by
appliance ownership and supplier tariffs.

Primary energy demand, calculated according to national conversion factors [44]
ranged from 95.53 to 257.49 kWh/m2a, with an average value of 172.68 kWh/m2a (Table A3,
Appendix A). This variability reflects both technical factors, such as system efficiency and
envelope quality, and behavioral aspects, including occupancy patterns and user practices.

195



Energies 2025, 18, 6194

For completeness, additional representative examples of household energy balances are
provided in Appendix A (Figure A1).

4.4. Measuring EP

The integration of socio-economic and technical data enabled a direct assessment of
EP at the household level. Table 5 reports the key variables required for the calculation,
including household size, income, energy consumption, and annual energy expenditure.
Applying the Boardman 10% threshold [25], five households, corresponding to 31% of the
sample, were identified as energy poor. Among these, the share of income spent on energy
ranged from 10.2% to a maximum of 12.3%, confirming that for some household’s energy
costs represent a substantial economic burden. Households in energy poverty that exceed
the 10% threshold are shown in bold in the table.

Table 5. Summary table of technical and economic indicators used to measure E.P.

Apartments Income Energy Energy Costs E. P.

Households Inhabitants
Size
[m2]

Monthly €/m Yearly €/m
Primary Energy

[kWh/m2]
Yearly

€/a
>10%

1 3 58 2200 26,400 239.50 2109 8.0

2 2 72 1400 16,800 104.60 1398 8.3

3 2 63 2000 24,000 95.53 1640 6.8

4 1 59 1600 19,200 236.01 2130 11.1

5 2 45 2000 24,000 213.77 1611 6.7

6 1 58 1600 19,200 254.94 2231 11.6

7 2 54 1400 16,800 236.90 1639 9.8

8 2 59 1400 16,800 257.49 1960 11.7

9 3 72 2200 26,400 * 130.78 2201 8.3

10 2 118 2000 24,000 176.93 2202 9.2

11 2 75 2000 24,000 162.61 1714 7.1

12 1 76 1200 14,400 133.46 1772 12.3

13 1 75 1200 14,400 110.96 1142 7.9

14 1 80 1600 19,200 113.84 1674 8,7

15 3 76 2200 26,400 199.86 2398 9.1

16 3 75 2200 26,400 * 198.11 2683 10.2

Data marked with * indicate the absence of specific information for that household and the resulting estimated value.

A closer look at the socio-demographic characteristics of the affected households
highlights important patterns of vulnerability. As illustrated in Figure 7, energy-poor
households were concentrated among the youngest (<30 years) and oldest (>70 years)
residents, suggesting a dual age-related fragility. Educational attainment also emerged
as a relevant factor, with the majority of vulnerable households having at most a high
school diploma. In terms of tenure status, 60% of energy-poor households were tenants,
reflecting limited decision-making power regarding energy retrofits. Finally, income distri-
bution shows that 40% of vulnerable households reported monthly earnings below €1500,
underlining the overlap between EP and broader economic fragility.
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Figure 7. Characteristics of households in EP.

4.5. Correlations

To further investigate the relationship between socio-economic and technical vari-
ables, a set of correlation analyses was carried out. The objective was to assess whether
simple parameters, such as income or dwelling size, could sufficiently explain household
vulnerability to EP.

Figure 8 presents the relationship between annual income and total energy expenditure.
A moderate positive correlation was observed (R2 = 0.38), indicating that higher-income
households generally spend more on energy. However, the blue dots representing house-
holds in EP consistently lie above the regression line, meaning that their energy expenditure
represents a disproportionate burden relative to their available income. This result confirms
that absolute expenditure levels alone are not sufficient to identify vulnerable households.

The comparison between apartment size and primary energy consumption, shown in
Figure 9, does not reveal a strong linear relationship (R2 = 0.28). Apartments of similar size
exhibited markedly different levels of specific primary energy demand. Since the building
envelope and construction quality are common to all dwellings in the private multi-family
building, these differences are more likely to result from factors such as the number of
occupants, operational patterns of heating and hot water systems, and household energy
behaviors. This indicates that apartment size, while an easily accessible parameter, is not
sufficient to explain household vulnerability, which instead derives from the interaction
between socio-economic conditions and technical characteristics shared across the building.
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Figure 8. Ratio of annual income to energy expenditure.
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Figure 9. Ratio of apartment size to primary energy.

The relationship between apartment size and total energy expenditure, reported in
Figure 10, further illustrates this complexity. The correlation is extremely weak (R2 = 0.04),
showing that units of similar size may sustain very different energy expenditure depending
on income levels, efficiency of domestic systems, and user behavior. Once again, the blue
dots representing households in EP stand out with higher relative burdens than the rest of
the sample.
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Figure 10. Ratio of apartment size to energy expenditure.

Overall, these analyses confirm that no single parameter can adequately explain
household vulnerability. Income, dwelling size, and energy demand interact with tech-
nical conditions and socio-demographic characteristics, underscoring the necessity of an
integrated approach. This multidimensional perspective provides the basis for linking the
diagnosis of EP with the formulation of mitigation strategies that are not only technical,
but also responsive to the specific needs of households.

5. Development of Strategies

5.1. Proposed Interventions

The development of intervention strategies was guided by evidence that emerged from
the results, both on the socio-demographic and energy side. The survey highlighted that
most households are composed of one or two people, often living in dwellings oversized
compared to their actual needs. This discrepancy opens up the opportunity to optimize
living spaces, for instance, by dividing larger apartments into smaller units such as studios
or two-room flats. These transformations can be carried out without altering ownership
boundaries or compromising the load-bearing structure of the building, allowing individual
owners a certain degree of autonomy in their implementation. This approach is particularly
suitable in privately owned multi-family buildings, where residents can act independently
on their property.

From an energy perspective, the balance analysis clearly showed that heating rep-
resents the most significant component of household expenditure, primarily due to the
simple masonry walls and outdated windows. Based on these considerations, four design
strategies were proposed:

1. Reconfiguration of apartments, subdividing oversized units to align living spaces
with actual household composition.

2. Insulation of the opaque envelope, with the addition of a 12.5 cm layer of insulation,
reducing transmittance from Uop = 0.816 W/(m2K) to Uop = 0.208 W/(m2K).
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3. Improvement of the transparent envelope, by replacing windows, lowering transmit-
tance from Utra = 5.70 W/(m2K) to Utra = 0.88 W/(m2K).

4. Installation of a photovoltaic system on the roof, reducing dependence on the electric-
ity grid from 100% to 59% and producing 10.1 kWh/m2a.

The choice of photovoltaics instead of solar thermal was motivated by the high het-
erogeneity of domestic hot water systems in the building, which made a centralized solar
solution less effective.

It should be noted that these interventions are not necessarily intended to be imple-
mented simultaneously as a single package. Rather, they can be carried out progressively,
depending on the specific technical, regulatory, and economic constraints that may arise in
real renovation processes.

This flexibility is particularly important in the context of existing private multi-family
buildings, where the feasibility of interventions is often conditioned by ownership struc-
tures, financial resources, and the capacity of residents to invest over time. Framing the
strategies in this way allows them to serve both as an integrated long-term vision and
as a set of modular actions that can be adopted step by step, according to priorities and
available resources.

Table 6 summarizes the four proposed strategies, comparing the state of the art with
the design assumptions.

Table 6. Intervention strategies.

Strategy State of the Art Design Assumptions

(1) Change in the size of
the apartments

1 five-room flat
2 four-room flats
3 three-room flats

2 three-room flats
2 two-room flats

5 studio flats

(2) Opaque envelope Uop = 0.816 W/(m2K) Uop = 0.208 W/(m2K)

(3) Transparent
envelope Utra = 5.70 W/(m2K) Utra = 0.88 W/(m2K)

(4) Installation of a
photovoltaic system

Dependence on the
electricity grid 100%

Dependence on the electricity
grid 59%

electricity production 10.1 kWh/m2a

Using the updated transmission coefficients, the heating demand was recalculated
according to UNI 11300 [45], assuming a heating period of 183 days (October–April). The
results, reported in Appendix B, show a reduction from 154.6 kWh/m2 in the current state
to 51.4 kWh/m2 after the interventions, corresponding to a 67% improvement.

Combined with photovoltaic production, this reduction indicates that households
currently identified as energy poor, slightly above the 10% threshold, with excess values
ranging between 0.2% and 2.3% could potentially be brought below the critical limit. It is
worth stressing that apartment reconfiguration within private ownership boundaries repre-
sents an intervention that allows owners to directly adapt their dwelling to personal needs
(e.g., creating a studio to rent out). Such transformations thus hold significant potential in
private buildings, as they can be undertaken independently by individual households.

5.2. Critical Issues and Limitations

While the proposed interventions demonstrate clear potential in mitigating EP, several
critical issues and limitations should be acknowledged.

First, the reconfiguration of apartments poses legal, financial, and organizational
challenges. Although technically feasible without altering the building’s structural system,
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subdivision requires agreement within the private multi-family building assembly, admin-
istrative approvals, and potentially high upfront costs. Moreover, the social implications of
densifying the building through smaller units, such as increased occupancy or changes in
the resident profile, should be carefully considered.

Second, the energy retrofitting measures (insulation of the opaque and transparent
envelopes) imply substantial investment. Although they provide the highest energy sav-
ings, low-income households, precisely those most affected by EP, may lack the financial
resources or access to credit to afford these renovations. Without targeted support mecha-
nisms, such as subsidies or third-party financing, the risk of exclusion remains high.

Third, the installation of a photovoltaic system faces both technical and governance
constraints. Roof availability, shading, and multi-family building level decision-making
may limit implementation. Furthermore, while self-consumption significantly reduces
grid dependence, it does not directly address heating demand, which remains the primary
driver of vulnerability.

Finally, it should be emphasized that the calculated reduction in heating demand
(67%) and the potential lifting of households out of EP are theoretical projections based on
standardized models (UNI 11300) [45]. Real-world outcomes may diverge due to behavioral
factors, rebound effects, or variations in energy prices.

In summary, the strategies presented here highlight the technical and social potential
for reducing household vulnerability but also underline the need for supportive policy
instruments, financial tools, and participatory governance to ensure their feasibility and
equitable implementation.

6. Discussion

The findings of this study highlight both the potential and the limitations of adopting a
direct, field-based methodology to assess EP at the building scale. Compared to approaches
that rely exclusively on aggregated statistical data, this method allows for a more detailed
understanding of household conditions, as it integrates socio-economic characteristics,
building features, and real consumption profiles. This multidimensional perspective not
only measures the incidence of EP but also sheds light on its underlying causes, offering a
robust basis for targeted interventions.

A first important outcome is the systematic confirmation that space heating represents
the most significant component of household energy expenditure, outweighing all other
final uses. While this finding is consistent with the literature, the detailed reconstruction of
household energy balances carried out here enriches the analysis by showing how heating
demand is conditioned by the interplay between building quality, system efficiency, and
user practices. Such nuances are often invisible in macro-scale studies, underlining the
added value of micro-scale approaches.

However, several limitations must be acknowledged. The methodology is based on
the active cooperation of households and their willingness to provide socio-economic and
energy information. In this case study, a participation rate of 55% was achieved, supported
by a favorable climate of trust and cohesion. Yet, some households, especially elderly
residents, declined to participate, while others withheld utility bills after initially filling in
the questionnaire. This partial fragmentation of data inevitably reduces completeness and
highlights the practical challenges of field-based research.

Another limitation relates to the data sources. No direct meter readings were collected;
instead, consumption was reconstructed from utility bills and self-reported information.
While this proved sufficiently robust for analytical purposes, it introduces margins of
approximation, particularly in the absence of standardized criteria for allocating centralized
heating costs.
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Furthermore, the study adopted Boardman’s 10% indicator as the primary benchmark
for identifying households in EP. While this indicator is widely recognized and allows
comparability across contexts, it only captures the relationship between energy expenditure
and income. Other relevant dimensions, such as thermal comfort, arrears on energy bills,
or service disconnections, were not systematically included. It should be emphasized that
the chosen field methodology, based on interviews and questionnaires, makes it difficult to
collect such sensitive information in a structured and comparable way, thereby limiting the
possibility of adopting more complex, multidimensional indicators.

Despite these constraints, the approach has proven effective not only as a diagnostic
tool for local interventions but also as a valuable complement to national and regional
statistics. The generation of detailed micro-scale datasets provides a ground-truth reference
that can be used to validate and refine macro-scale indicators, which often rely on overly
aggregated assumptions. In this way, field-based methodologies contribute to bridging the
gap between quantitative measurement and lived household experiences, ensuring that EP
policies are designed with greater accuracy and fairness.

Finally, the case study illustrates the operational relevance of this methodology for pol-
icy and practice. By combining technical data with socio-economic conditions, it becomes
possible to move beyond generalized subsidies and to design more targeted measures. The
identification of heating as the main expenditure burden, for example, points directly to
the need for interventions on building envelopes and heating systems, ideally supported
by financial mechanisms calibrated to household economic capacity. Embedding this
type of micro-scale evidence into decision-making processes would not only increase the
effectiveness of EP alleviation strategies but also strengthen their social legitimacy.

7. Conclusions

Ensuring a fair energy transition remains one of the key challenges for the European
Union. The recent revision of the EPBD (March 2024) explicitly emphasizes the need to
tackle EP through structural measures, prioritizing the renovation of buildings with poor
energy performance. In this perspective, the availability of reliable and disaggregated data
is essential to design interventions that are not only technically effective but also socially
fair, targeting the households most at risk of vulnerability.

This study contributes to this debate by presenting a direct, field-based methodology
that integrates socio-economic and technical information at the building scale. Applied to
a private multi-family building, the approach enabled the collection of detailed data on
household composition, income, and energy consumption, complemented by architectural
reconstruction of the building and its systems. On this basis, household energy balances
were elaborated, and the incidence of EP was measured using Boardman’s 10% indicator.
The results showed that 31% of households fell into EP, confirming the vulnerability of
pre-regulation housing stock.

Beyond diagnosis, the methodology supported the design of a redevelopment sce-
nario including spatial reconfiguration of dwellings, insulation of opaque and transparent
envelopes, and the installation of a photovoltaic system. These measures, while requiring
significant upfront investment, have the potential to substantially reduce heating demand
(−67%) and to promote partial energy self-sufficiency, thereby lifting households slightly
above the EP threshold out of this condition.

The study highlights two broader contributions. First, it demonstrates how micro-scale,
field-based evidence can provide insights into the socio-technical roots of EP, which are
often hidden in aggregated statistical analyses. Second, it shows the operational relevance of
linking household-level data with targeted mitigation strategies, thus offering policymakers
concrete tools to prioritize structural interventions over temporary income support.
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At national and European level, this type of micro-scale evidence can be aligned
with existing policy frameworks that aim to identify and prioritize worst-performing
buildings and vulnerable households. The methodology proposed in this paper can provide
an operational complement to instruments such as the recast EPBD, national long-term
renovation strategies and dedicated energy poverty observatories, by supplying building-
level data that help to target renovation programs, define eligibility criteria for financial
support, and assess whether public incentives effectively reach those most in need.

Nevertheless, the research also acknowledges some limitations. The reliance on house-
hold participation implies partial representativeness and occasional data gaps. The use
of the Boardman indicator, while ensuring comparability, does not capture non-monetary
dimensions of EP such as arrears or comfort levels, which could not be systematically
collected through interviews. These constraints underline the need for future studies to
experiment with integrated indicators and to broaden the scale of field-based research.

Looking ahead, the methodology can be extended from the scale of a single private
multi-family building to larger building complexes, particularly in the context of public
housing, where the presence of a single managing body facilitates large-scale renovations.
Such an expansion would allow the formulation of incentive schemes that combine technical
efficiency with social equity, ensuring that the energy transition is not only environmentally
sustainable but also socially inclusive.

Although the empirical application is rooted in the Italian context, the stepwise process,
combining household socio-economic data, technical building information and detailed
energy balances, is not country-specific and can, in principle, be adapted to other regulatory
environments and building stocks.

In conclusion, the proposed approach provides a replicable framework for assess-
ing and addressing EP at the micro scale, while also offering valuable inputs for policy
design at the macro level. Embedding such methodologies in policy-making processes
would strengthen the fairness, effectiveness, and legitimacy of EP alleviation strategies
across Europe.
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Abbreviations

IEPR limit income EP risk [€/year]
I annual family income [€/year]
tep EP risk threshold, set to 10% from the Boardman’s definition
CENE total Energy expenditures for electrical and thermal uses [€]
CENE,gas sum of consumption of natural gas [€]
Qh heating consumption [kWhg]
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Qcook cooktop consumption [kWhg]
QDHW domestic hot water consumption [kWhg]
Cgas natural gas cost factor [€/kWhg]
CENE,ele sum of consumption dedicated to electricity [€]
Eapp electricity consumption dedicated to appliances [kWhe]
ELight electricity consumption dedicated to lighting [kWhe]
EDHW electricity consumption dedicated to domestic hot water [kWhe]
Cele energy cost factor [€/kWhe]
Ep,gl,tot total primary energy [kWhg/m2a]
EP,gl,nren non-renewable component [kWhg/m2a]
EENE,gas natural gas input energy carrier [kWhg/m2a]
ƒP,nren,gas natural gas non-renewable conversion factor [-]
ƒP,ren,gas natural gas renewable conversion factor [-]
ƒP,tot,gas natural gas total conversion factor [-]
EENE,ele electricity input energy carrier [kWhe/m2a]
ƒP,nren,ele electricity non-renewable conversion factor [-]
ƒP,ren,ele electricity renewable conversion factor [-]
ƒP,tot,ele electricity total conversion factor [-]

Uop,sa
transmittance value of the opaque envelope according to the state of the art
[W/(m2k)]

Uop,de
transmittance value of the opaque envelope according to the state of design
[W/(m2k)]

Utra,sa
transmittance value of the transparent envelope according to the state of the art
[W/(m2k)]

Utra,de
transmittance value of the transparent research envelope according to the state of
design [W/(m2k)]

Appendix A

This appendix reports all consumption, costs and value of primary energy of house-
holds from the case study.

Figure A1. Cont.
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Figure A1. The energy balance of the household 6 and 8.

Table A1. Consumption of electricity, natural gas, and heating is expressed monthly and annually for
all households.

Annual Consumption Average kWh/m2a

Households
Size
[m2]

Electrical Energy Gas

Appliances Lighting Total Cooktop DHW
Heating
Space

Total

1 58 14.9 5.8 20.7 * 16.6 * 0 163.79 180.49

2 72 18.5 1.2 19.7 7.4 * 0 46.82 54.22

3 63 7.3 1.3 8.6 11.9 5.4 53.86 71.16

4 59 19.5 2.9 22.4 9.1 * 0 164.04 173.14

5 45 23.5 5.7 29.24 11.1 28.04 105.20 144.34

6 58 36.0 6.4 42.4 0 0 145.08 145.1

7 54 25.5 2.5 28.0 0 0 161.08 161.1

8 59 22.0 4.0 26.0 * 0 0 185.31 185.31

9 72 5.6 1.9 7.5 6.8 3.0 98.79 107.3

10 118 19.9 6.1 26.0 * 6.3 * 0 102.28 108.6

11 75 5.0 6.0 6.4 * 8.5 6.0 82.74 97.24

12 76 10.8 4.7 15.5 7.1 3.1 81.19 91.39

13 75 11.6 6.2 17.8 12.8 28.2 23.65 64.65

14 80 11.1 3.0 14.1 4.0 2.2 69.72 75.92

15 76 12.7 1.9 14.6 10.0 5.7 141.00 156.70

16 75 13.3 7.2 20.5 9.9 * 2.8 * 128.73 141.43

The data presented with * indicate the absence of electricity or gas bills for that household and the following
value estimate.

Table A2. Costs of electricity, gas, and heating expressed monthly and annually for all households.

Annual Expenditure €/Year

Bill Costs

Household Electrical Energy Gas Heating Total

1 420.0 337.0 1352.0 2109.0

2 640.0 187.0 571.0 1398.0
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Table A2. Cont.

Annual Expenditure €/Year

Bill Costs

Household Electrical Energy Gas Heating Total

3 550.0 471.0 620.0 1640

4 570.0 187.0 1374.0 2130

5 705.0 180 726.0 1611

6 1167.0 0 1064.0 2231

7 395.0 0 1245.0 1639

8 468.0 0 1492.0 1960

9 389.0 458.0 1355.0 2201

10 749.0 262.0 1191.0 2202

11 168.0 600.0 946.0 1714

12 449.0 377.0 946.0 1772

13 388.0 389.46 365.0 1142

14 633.0 180.0 860.0 1674

15 460.0 357.0 1580.0 2398

16 889.0 337.0 1475.0 2683

Table A3. Average consumption of primary energy.

Average Consumption kWh/m2

Primary Energy

Household 1 239.50

Household 2 104.60

Household 3 95.53

Household 4 236.01

Household 5 222.32

Household 6 254.94

Household 7 236.90

Household 8 257.49

Household 9 130.78

Household 10 176.93

Household 11 162.61

Household 12 133.46

Household 13 110.96

Household 14 113.84

Household 15 199.86

Household 16 198.11

Appendix B

This appendix reports the thermal requirement QH,nd dedicated to the heating of the
case study before and after the application of the intervention.

Heating demand was calculated according to UNI/TS 11300 [45] using a steady-state
procedure. A heating set-point temperature of 20 ◦C was assumed for all residential units,
in accordance with national regulatory standards. A constant natural air change rate of
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0.5 h−1 was applied, and sensible internal heat gains were computed using the normative
relationship between useful floor area and internal gains reported in UNI/TS 11300 [45].
The heating period was fixed at 183 days (October–April).

Table A4. State of the art.

Months
QH,Tr

[kWh]
QH,ve

[kWh]
QH,Ios

[kWh]
Qint

[kWh]
Qsol,w

[kWh]
Qgain

[kWh]
ηH gn

[-]
QH,nd

[-]

January 4393.8 8966.4 52,160.2 334.8 13,736.26 14,071.06 0.776 41,239.32

February 34,919.6 7275.8 42,195.5 302.4 15,616.63 15,919.03 0.714 30,824.91

March 26,476.2 5562.0 32,038.2 334.8 18,902.71 18,902.71 0.614 20,235.57

April 8511.4 1856.1 10,368.5 162 8415.50 8577.50 0.537 5761.48

May - - - - - - - -

June - - - - - - - -

July - - - - - - - -

August - - - - - - - -

September - - - - - - - -

October 14,330.3 3056.3 17,386.6 280.8 14,354.93 14,635.73 0.533 9589.19

November 29,220.1 6078.6 35,298.7 324 11,221.30 11,545.30 0.742 26,734.10

December 39,952.5 8295.1 48,247.6 334.8 12,929.88 13,264.68 0.773 37,995.34

Total 196,603.9 41,091.4 237,695.1 2074.6 95,177.2 97,251.0 - 172,379.90

154.6 kWh/m2

Table A5. State of design.

Months
QH,Tr

[kWh]
QH,ve

[kWh]
QH,Ios

[kWh]
Qint

[kWh]
Qsol,w

[kWh]
Qgain

[kWh]
ηH gn

[-]
QH,nd

[-]

January 22,373.5 8966.4 31,339.4 334.8 13,736.26 14,071.06 0.991 17,394.64

February 18,085.4 7275.8 25,361.2 302.4 15,616.63 15,919.03 0.954 10,011.70

March 13,708.6 5562.0 19,270.7 334.8 18,902.71 19,237.51 0.838 3144.44

April 4401.3 1856.1 6257.3 162 8415.50 8577.50 0.684 388.72

May - - - - - - - -

June - - - - - - - -

July - - - - - - - -

August - - - - - - - -

September - - - - - - - -

October 7416.0 3056.3 10,472.3 280.8 14,354.93 14,635.73 0.674 607.80

November 15,134.3 6078.6 21,213.0 324 11,221.30 11,545.30 0.980 9901.78

December 20,684.5 8295.1 28,989.6 334.8 12,929.88 13,264.68 0.990 15,853.70

Total 10,813.6 41,090.4 142,904.0 2074.6 95,177.2 97,251.0 - 57,302.77

51.4 kWh/m2
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Abstract

This article presents an analysis of the useful energy demand for heating purposes in a
single-family, single-storey building with a self-supporting polystyrene structure, which
is a relatively niche solution, in relation to a traditional masonry structure with similar
partition thickness. The structures considered met the requirements for passive buildings.
The analysis was performed on three locations in Europe with a temperate climate, i.e.,
Kołobrzeg in Poland, Vienna in Austria, and Essen in Germany. The research showed
significant savings in the energy demand of the polystyrene structure compared to the
masonry structure for each location, ranging from 38% to 52%. Similarly, the heating
period was 21% to 38% shorter in individual locations. This shows that polystyrene
construction allows for a significant reduction in building energy demand, leading to lower
operating costs.

Keywords: polystyrene construction; useful energy demand; energy efficient construction;
passive building

1. Introduction

The construction industry is facing a series of challenges, with the primary concern
being the reduction in energy demand in response to increasing energy costs. According to
the IEA (International Energy Agency), the construction sector is responsible for 30% of
global energy consumption [1]. The observed increase in energy prices is associated with
economic development, a process that requires substantial energy consumption, as well as
with the ongoing energy transition, characterized by a gradual shift away from fossil fuels,
whose reserves are constantly diminishing. Consequently, it is necessary to implement
solutions that will reduce energy demand across a variety of sectors, including construction.
The present age is witnessing an intensive effort to identify novel technologies and materials
that exhibit high energy efficiency, a development that is of supreme importance to the
field of construction.

Energy-efficient construction focuses on minimizing energy consumption through the
implementation of various strategies. These include the utilization of partitions that restrict
heat losses, the employment of materials with superior thermal insulation properties, and
the incorporation of active systems such as mechanical ventilation with heat recovery. The
efficacy of these systems in reducing ventilation loss is substantial. The implementation of

Energies 2025, 18, 6514 https://doi.org/10.3390/en18246514
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renewable energy systems is a common practice in such contexts. An example of energy-
efficient construction is the so-called passive house (PH) developed by the Passive House
Institute in Darmstadt. The foundation of this approach is rooted in five fundamental
principles: high-quality insulation of partitions with a heat transfer coefficient (U-value)
below 0.15 W/(m2K), windows with a heat transfer coefficient of less than 0.8 W/(m2K),
ventilation with heat recovery values greater than 75%, a building’s air tightness being no
greater than 0.6 air changes per hour, and the elimination of thermal bridges [2]. A com-
prehensive review of the principles and technologies employed in passive construction is
provided in [3], while studies delineating energy consumption in this category of buildings
are presented in [4–7].

It is evident that thermal insulation of partitions constitutes a key element in the
design and construction of low-energy buildings. An analysis of the insulation properties
of inorganic materials, such as concrete and brick, and organic materials, such as wood
and straw, is presented in [8]. The available technologies easily enable the achievement
of the required heat transfer coefficient values, as stipulated by the passive building
standard, in the context of residential construction. Masonry structures, when employed
in conjunction with the optimal insulation thickness, have been demonstrated to meet
stringent requirements. Analyses of such a structure can be found in [9,10]. However, due
to the total thickness of the partition, it may be necessary to abandon ceramic or silicate
materials in favor of aerated concrete, which has better insulating properties, or to use
insulating materials that have higher parameters yet are more expensive. In the context of
single-family houses characterized by elevated energy standards, it is more common to
find frame structures that allow for better insulation parameters with a smaller partition
thickness, due to the fact that the thermal insulation fills the structural element of the
partition. The insulation properties of various types of frame partitions are described
in the article by J. Kosny et al. [11]. This research indicates that such structures can
achieve U values in the range of 0.30–0.11 W/(m2K). A comprehensive review of the
latest technological advancements in wooden partition wall systems, with a focus on
enhancing energy efficiency, is presented in [12]. Research on passive buildings with
different structures is presented in [13–15].

Another technology that can be used in the construction of low-energy buildings is
Insulated Concrete Forms (ICFs), where polystyrene forms serve both as an insulating layer
and as a framework for the reinforced concrete layer, which is the load-bearing element
of the structure. Such structures are distinguished by their enhanced thermal capacity
in comparison to frame structures. Research on insulated concrete form (ICF) partitions
in two variants—with solid concrete filling and with a frame structure, as described
in publication [16]—demonstrated a minor difference with regard to thermal insulation
properties. At the same time, the superior capacity of solid partitions to stabilize internal
conditions was highlighted. An analysis of the use of this type of wall for energy storage
is presented in [17,18], while the use of ICF foundations for energy storage is described
in [19]. An analysis of different types of ICF partition cores and their impact on energy
consumption reduction and strength is described in [20].

Another significant aspect pertains to the comparison of diverse technologies for
the construction of energy-efficient buildings. In [21], a multi-criteria comparison of
technologies was carried out. As demonstrated in [22], a comparison of energy consumption
in ICF and timber frame buildings reveals that ICF buildings exhibit a reduced energy
demand. However, it is imperative to note that the utilization of materials characterized
by specific thermal parameters exerts a substantial influence on this outcome. In turn,
Ref. [15] underscores the significance of environmental impacts in addition to the insulation
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parameters of a given technology. A comprehensive comparison of timber and concrete
technologies, with consideration for the building lifecycle, is presented in [23].

Another type of construction that can use polystyrene in partition design is a Structural
Insulated Panel (SIP) system. A comprehensive overview of this technology is provided
in [24], while its utilization in the construction of nZEB (nearly zero energy building) and
buildings of PH standard is elaborated in [25].

The technologies described above enable the construction of buildings that are highly
energy-efficient. However, there is a clear gap in research on the subject of self-supporting
polystyrene structures. Despite the growing interest in technologies that improve energy
efficiency of buildings through the use of new materials or alternative uses of existing
materials, there is currently a lack of systematic analyses of the energy requirements of
this niche structure. Hence, the authors proposed to conduct such analyses in order to
initiate a broader discussion covering other aspects related to microclimate, comfort, and
durability prospectively. The ultimate aim of this discussion is to highlight the possibilities
and limitations of polystyrene structures.

Contemporary analyses of the energy demand of buildings are based on various
computer tools that have been validated to enable effective simulations of heat and moisture
transport in both building envelopes and entire buildings. One such software product is
WUFI®Plus 3.5, developed by the Fraunhofer Institute for Building Physics [26]. The tool’s
validation is documented in the following publications: [27–29]. The WUFI®Plus tool has
been employed in a variety of residential, agricultural and historical building types [30–34].

2. Materials and Methods

2.1. Research Object

The aim of the research is to analyze useful energy demand for heating in a single-
family, single-storey building with a polystyrene structure, which is a relatively niche
construction solution. The building’s partitioning is composed of self-supporting blocks
of compressed polystyrene, which adopt an arch shape, seamlessly integrating with the
external walls and the roof surface. The constituent modules are interconnected, as illus-
trated in Figure 1. This cross-section is notable for the absence of a wooden or steel frame, a
feature common to frame structures, and the lack of a concrete layer, which is characteristic
of ICF technology. Consequently, the polystyrene foam functions both as a structural
and insulating layer. This innovative solution facilitates the comprehensive utilization
of the partition cross-section for the purpose of enhancing the thermal insulation of the
building. It also eliminates the occurrence of thermal bridges, which are characteristic of
other structural types, due to the seamless integration of external walls with the roof slope.

  

Figure 1. Self-supporting polystyrene elements.

In the technology under discussion, masonry structures are utilized exclusively in the
construction of gable walls, with the primary function of these walls being to enhance the
structural integrity and rigidity of the building as a whole. Furthermore, masonry walls
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have been shown to possess an accumulative function, thereby buffering thermal energy
within themselves. This property stands in contrast to that of polystyrene walls, which
have been demonstrated to possess low thermal capacity. As a result, such a structure is
being considered a hybrid structure. The diagram is shown in the graphic (Figure 2).

Figure 2. Gable wall of the building.

The polystyrene partitions of the building are reinforced on both sides with fiberglass
mesh. Aluminum profiles are utilized internally for the purpose of securing plasterboard
panels. Externally, the roof surface is reinforced with waterproof plywood strips to support
the installation of steel sheet roofing. The building is founded on a conventional foundation
slab, where a layer of lean concrete is initially applied, followed by a layer of thermal
insulation composed of compacted polystyrene, construction foil, and subsequently, a
reinforced concrete slab and a leveling layer are poured. The entire building is founded on
this prepared base Figure 3. Due to its construction, the floor on the ground performs an
accumulation function, similar to the gable walls. The construction of the building on a
foundation slab insulated from below and the continuity of insulation serve to eliminate
the formation of typical thermal bridges at partition joints.

 

Figure 3. Diagram of the polystyrene building structure.

2.2. Assumptions for Calculations

The calculations are based on a generic single-storey detached house with a usable
area of 106 m2 (Figure 4). The floor plan of the building (Figure 5) is based on the letter ‘L’.
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The total dimensions of the building are 12.96 m × 12.96 m, and its height is 4.5 m. The
net volume of the building is 177 m3. The total window area measures 21.61 m2. The roof
pitch measures 27◦. The building partitions and window frames included in the analysis
meet the requirements for passive buildings; i.e., the heat transfer coefficient for walls is
U < 0.15 W/m2K, and that for windows is U < 0.8 W/m2K.

  
(a) (b) 

Figure 4. Building model: (a) South-west elevation, (b) North-east elevation.

Figure 5. Plan of the analyzed polystyrene building.

The calculations of the useful energy demand for heating purposes were performed
using the WUFI®Plus 3.5 calculation platform based on a coupled heat and moisture
exchange model for non-stationary building analyses. The simulations were conducted on
an annual basis, with a 1-h time step. In order to facilitate the process of simulation and
comparison with traditional masonry partition walls, the arched shape of the partitions was
simplified to a flat form. The thickness of the polystyrene structure ranges from 0.30 to 0.85
m, and thus its cross-section was divided into a total of 180 segments. The mean thickness
of the polystyrene cross-section employed for subsequent calculations was determined to
be 0.48 m. A schematic representation of the simplified arched cross-section is presented
in Figure 6. Simulations frequently require simplification of the building geometry due
to limitations of the calculation tool or the requirement to combine different structures. It
has been demonstrated that this may result in disparities in the outcomes when compared
to the original geometry. Consequently, prior to conducting additional simulations, it
is imperative to estimate the potential impact of the simplifications employed on the
calculations. In this analysis, the arched polystyrene wall was simplified to a flat form,
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characteristic of most buildings. The non-uniform thickness of the material may result in
the formation of local thermal bridges in cross-section constructions when compared to the
average variant. In order to estimate potential discrepancies in the relevant simulations,
both variants were analyzed. It was demonstrated that the simplification of the cross-section
generates an error of 2.45%, thereby limiting heat exchange in comparison to the original
partition. This low discrepancy confirmed the high consistency between the analyzed
cross-sections and allowed for effective simulations to be carried out.

 

Figure 6. Simplification of the cross-section for simulation.

The analysis incorporated a total of six calculation variants. A comparative study
was conducted for two structures: polystyrene and masonry structure. The study was
conducted for three locations characterized by a temperate climate.

In order to compare the construction variants analyzed, the thickness of the external
walls and roof slopes was set at 0.5 m. The layers of individual partitions are presented in
the tables below. The layer arrangement for the polystyrene wall is shown in Table 1, while
the heat transfer coefficient U for this structure is 0.073 W/m2K. The layers of the masonry
structure are shown in Table 2, and the heat transfer coefficient was 0.12 W/m2K.

Table 1. Polystyrene wall—layers.

Layers Thickness [m] Thermal Conductivity [W/m·K]

Plasterboard 0.0125 0.2

Fibreglass mesh 0.0005 0.035

Compacted polystyrene 0.48 0.036

Fibreglass mesh 0.0005 0.035

External plaster 0.01 0.87

Table 2. Masonry wall—layers.

Layers Thickness [m] Thermal Conductivity [W/m·K]

Interior plaster 0.01 0.2

Aerated concrete 0.25 0.14

Compacted polystyrene 0.23 0.036

External plaster 0.01 0.87

With regards to roof construction, the layer arrangement for a polystyrene building is
presented in Table 3, where the thermal conductivity coefficient U was 0.074 W/m2K. In
the case of the masonry structure, a rafter roof construction was adopted (Table 4), where
U was 0.095 W/m2K.
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Table 3. Roof of polystyrene structure—layers.

Layers Thickness [m] Thermal Conductivity [W/m·K]

Sheet metal 0.0005 60

Fibreglass mesh 0.001 0.035

Compacted polystyrene 0.48 0.036

Fibreglass mesh 0.001 0.035

Plasterboard 0.0125 0.2

Table 4. Rafter roof structure—layers.

Layers Thickness [m] Thermal Conductivity [W/m·K]

Sheet metal 0.0005 60

Air layer 0.12 0.035

Vapour barrier foil 0.001 2.3

Mineral wool/rafter 0.16 0.036

Mineral wool 0.2 0.036

Vapour barrier foil 0.001 2.3

Plasterboard 0.0125 0.2

The foundation slab on which the building was constructed was the same for both
structures. The layers are delineated in Table 5, and the heat transfer coefficient U for this
partition was determined to be 0.087 W/m2K.

Table 5. Foundation slab—layers.

Layers Thickness [m] Thermal Conductivity [W/m·K]

Concrete screed 0.0005 1.6

Reinforced concrete slab 0.2 1.6

Compacted polystyrene 0.4 0.036

Construction film 0.0001 2.3

Lean concrete 0.1 1.6

2.3. Indoor Climate

In the course of the simulations, the internal temperature was assumed to be 20 ◦C.
This value denotes the minimum temperature for rooms. Once exceeded, the instantaneous
demand necessary to achieve the above-mentioned value within a given time step is
calculated. It was further hypothesized that the building is inhabited by a family of four.
On this basis, a scenario of internal heat gains was adopted according to the WUFI®Plus
database for a typical weekday for a family (two adults + two children) including gains
from people and appliances. The daily pattern that has been assumed in the calculations is
demonstrated in Figure 7. Furthermore, solar radiation gains are calculated on an hourly
basis. This calculation is based on the shading of partitions, which takes into account
climate data. The ventilation flow in the building was assumed in the calculations at a level
of 1 air change per hour.
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Figure 7. Diagram of internal heat gains [W]—WUFI®Plus database.

2.4. Outdoor Climate

The calculations were performed for a period of one year in three locations with a
temperate climate: Kołobrzeg in Poland, Vienna in Austria and Essen in Germany. The
assumed locations are illustrated in Figure 8. The climate data employed in the simulations
is drawn from the WUFI® Plus database, comprising long-term data that has undergone
statistical processing. This data set has been used to derive a reference year for each location,
thereby ensuring the consistency and reliability of the data.

 
Figure 8. Locations assumed in the analysis.

2.5. Kołobrzeg

The climate of Kołobrzeg is classified as temperate maritime. The range of temper-
atures is from −9.8 to 29.7 ◦C, with an average temperature of 8.6 ◦C, which is also the
lowest among the locations analyzed. The mean relative humidity is 81.3%. The total
radiation is 2253.2 kWh/m2a. The annual precipitation is 560.9 mm/a and the prevailing
winds are south-westerly winds, with an average speed of 2.3 m/s. The fundamental
climate parameters are illustrated in Figures 9 and 10.
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Figure 9. Air temperature—Kołobrzeg.

 
Figure 10. Sun radiation sum and driving rain sum with wind direction—Kołobrzeg.

2.6. Vienna

The climate of Vienna is characterized as temperate transitional with continental in-
fluences. The annual temperature range extends from −10.9 to 32.4 ◦C, with an average
temperature of 10.4 ◦C, representing the highest of the locations analyzed. The mean
relative humidity is 73.0%. The total radiation is 2317.2 kWh/m2a. The annual precip-
itation is 625.1 mm/a. Vienna is subject to westerly and south-easterly winds, with an
average speed of 3.6 m/s. The fundamental climate parameters for Vienna are illustrated
in Figures 11 and 12.
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Figure 11. Air temperature—Vienna.

218



Energies 2025, 18, 6514

 
Figure 12. Sun radiation sum and driving rain sum with wind direction—Vienna.

2.7. Essen

The climate in Essen is described as temperate. The annual temperature range is from
−9.7 to 30.2 ◦C, with an average temperature of 9.5 ◦C. The mean relative humidity is
78.1%. The total radiation is 2434 kWh/m2a. The annual precipitation is 1094.6 mm. Essen
is subject to westerly and south-westerly winds, with an average speed of 2.74 m/s. The
fundamental climate parameters for Essen are demonstrated in Figures 13 and 14.
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Figure 13. Air temperature—Essen.

 

Figure 14. Sun radiation sum and driving rain sum with wind direction—Essen.
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3. Results

3.1. Energy Demand—Kołobrzeg

In the first of the analyzed locations, the annual energy demand for heating in the
polystyrene building was 1173.7 kWh, while in the masonry structure, the demand was
1851.1 kWh. Hourly data for heating power is presented in Figure 15.
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Figure 15. Hourly data for heating power—Kołobrzeg.

The heating season in Kołobrzeg was found to be the longest among the locations
analyzed. For the polystyrene structure, the mean duration of heating season was 128 days,
and for the masonry structure, it was 169 days. The heating season values presented for
Kołobrzeg were calculated based on the hourly energy demand when the temperature
inside the building falls below the set limit of 20 ◦C. It was determined that, in the event of
inadequate energy from external sources and internal heat gains, the heating system should
be activated in order to supply the building with the requisite heat flow to achieve the set
temperature. This approach was replicated in the case of the other locations. Figure 16
illustrates a monthly summary of the useful energy demand for heating purposes for
both structures.
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Figure 16. Monthly energy demand in the analyzed structures for Kołobrzeg.

3.2. Energy Demand—Vienna

In the second location analyzed, Vienna, the annual energy demand for heating in the
polystyrene building was 803.3 kWh, while in the masonry structure it was 1681.1 kWh.
Hourly data for heating power is presented in Figure 17.
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Figure 17. Hourly data for heating power—Vienna.

For Vienna, the heating season lasted 117 days for the polystyrene construction and
149 days for the masonry construction. Figure 18 illustrates the monthly summaries for
both constructions.
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Figure 18. Monthly energy consumption summary for the analyzed structures for Vienna.

3.3. Energy Demand—Essen

In the third location analyzed, in Essen, the annual energy demand for heating in
the polystyrene building was 854.9 kWh, while in the masonry structure the demand was
1622.3 kWh. Figure 19 illustrates hourly data for heating power.
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Figure 19. Hourly data for heating power—Essen.

In Essen, the heating season for the polystyrene structure lasted 103 days, whereas
for the masonry structure it lasted 166 days. Figure 20 illustrates a monthly summary for
both structures.
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Figure 20. Monthly energy demand summary for the analyzed structures in Essen.

4. Discussion

The study compared the annual energy demand for heating for two types of buildings
meeting passive building standards: polystyrene and masonry, in three locations with a
temperate climate: Kołobrzeg in Poland, Vienna in Austria and Essen in Germany. The two
structures possessed comparable thicknesses in their external walls and roof surfaces. Both
the floor on the ground and the window and door frames exhibited identical characteristics.
The polystyrene structure was found to exhibit a substantially lower energy demand across
all calculation variants. The most significant disparity in energy consumption was observed
in Vienna, with a recorded difference of 878 kWh per year, representing a 52% saving in
energy consumption. In Essen, the discrepancy was 767 kWh, which corresponds to a
47% variance. The lowest recorded difference was observed in Kołobrzeg, with a total of
683 kWh, representing an energy saving of 37%.

With regard to the duration of the heating season, the highest advantage of polystyrene
construction was observed in Essen. In this case, the heating season was shorter by 63 days,
which represents a 38% reduction compared to masonry construction. In Kołobrzeg, the
season was shorter by 41 days, which corresponds to a 24% difference. The discrepancy in
the length of the heating season was smallest in Vienna, where the recorded value was less
than 32 days, representing a 21% difference.

The disparity in useful energy demand in the studied structures is predominantly
ascribed to the marked difference in their heat transfer coefficient: with polystyrene insu-
lation exhibiting a coefficient of 0.073 W/m2K, in comparison to masonry coefficient of
0.12 W/m2K. This represents a 31.2% difference.

Another factor that significantly affects energy efficiency and differences in useful
energy demand is thermal capacity of the building. In the case of low thermal mass of
a building, full utilisation of heat gains is not possible. This is a characteristic feature of
lightweight structures. In order to confirm this, additional calculations were made for one
of the locations (Essen). In the simulation of energy demand for a polystyrene structure, the
reinforced concrete slab and thermal insulation of the floor on the ground were switched.
As a result, thermal mass of the concrete slab was excluded outside the building’s insulation
shell. Consequently, the annual energy demand of the building grew from 854.9 kWh to
918 kWh, representing an increase of 6.9%. Analogous calculations were conducted for
the masonry version. In this case, upon excluding the reinforced concrete slab situated
outside the thermal envelope of the building, the energy demand exhibited a comparatively
minor increase, from 1622 kWh to 1659 kWh, representing an increment of 2.2%. The lower

223



Energies 2025, 18, 6514

increase in energy demand can be attributed to the fact that the reinforced concrete slab,
excluded from the insulation, constitutes a smaller proportion of the total storage mass of
the masonry building.

Well-insulated buildings with a lightweight structure and low mass are characterised
by rapid thermal response, in contrast to heavy masonry structures, which in turn enable
effective suppression of short-term temperature fluctuations and better storage of heat
gains. The polystyrene structure analysed can be regarded as a hybrid solution, combining
the advantages of both light and heavy structures. The employment of lightweight external
walls and roofing materials has been demonstrated to facilitate superior thermal insulation
properties. In contrast, the integration of brick gable walls and a reinforced concrete floor,
insulated from below, has been shown to enable enhanced temperature stabilisation when
compared to conventional lightweight structures.

Such a solution allows for increased utilisation of internal gains and solar radiation
gains. As a result, the energy demand for heating the building is reduced. Therefore, it is
believed that the savings generated in the building in question, compared to the masonry
structure, result mainly from the insulation parameters of the polystyrene partitions and
the possibility of heat buffering in the building’s capacitive elements.

The simplification of the polystyrene wall cross-section used in the simulations re-
sulted in a 2.45% reduction in heat exchange in this element. For a more accurate analysis,
it is necessary to conduct experimental tests to validate and refine the calculation model.

The findings of the analyses evidently demonstrate a substantial discrepancy in energy
demand between polystyrene and masonry structures, while the equivalent thickness of the
analyzed partitions is maintained. The polystyrene structure is composed predominantly
of insulating material, which also functions as a load-bearing element. In contrast, the
secondary structure incorporates a load-bearing layer characterized by reduced thermal
parameters. A similar situation will occur when we compare, for example, frame structures
with masonry structures or even ICF structures with similar partition thicknesses. A
review of construction practice indicates that there are a number of objective reasons
why the thickness of external partitions or the thermal insulation layer itself is limited.
These limitations are the result of technical, aesthetic and economic considerations. This is
confirmed, among others, by publication [35], where the use of thermal insulation above
0.24 m on a masonry wall made of aerated concrete is rarely economically justified. Similar
conclusions can be drawn from article [36], where a layer of 0.18 m to 0.24 m is indicated as
the optimal thermal insulation layer for a masonry structure. Therefore, further increasing
the thickness of the partitions is not justified. Hence the attempts at using increasingly
better materials or optimizing of the structure of the partitions themselves by making full
use of their cross-sections. This is exemplified by the analyzed polystyrene structure. The
structure described creates a specific margin, limiting the energy demand compared to a
masonry structure, which may allow for greater freedom in the selection of a heat source
and internal installations. This leads to measurable savings related to the operation of
the building. Therefore, further research on this type of structure is important in order to
learn about other aspects such as such as detailed microclimate analysis and the thermal
comfort of residents, which the authors intend to undertake in the future. Nevertheless,
further studies are required in the domain of structural strength, fire resistance and sound
insulation. This approach will facilitate an objective evaluation of the technology’s potential
and constraints.

5. Conclusions

The analyses conducted clearly demonstrated that, while maintaining a comparable
thickness of external partitions, the polystyrene structure exhibits a substantially dimin-

224



Energies 2025, 18, 6514

ished annual energy demand for heating in comparison to masonry structures across all
studied locations with a temperate climate. The key factor contributing to this advantage
is the significantly lower heat transfer coefficient and the favourable combination of light
and heavy construction properties, allowing both heat loss to be reduced and internal
gains and solar radiation gains to be used effectively. Conventional increases in insulation
thickness in masonry structures are limited by technological, economic and functional
considerations, reinforcing the rationale for seeking alternative material and structural
solutions. The polystyrene structure analysed may provide a solution to these challenges,
offering significant potential for reducing energy demand. In view of the findings, further
research is required. This should include experimental measurements in real conditions.
Such measurements will allow the calculation model to be validated. They will also allow
the analysis to be extended to include aspects such as internal microclimate and thermal
comfort of users. A comprehensive verification of these and other parameters is an essen-
tial step towards a complete and objective assessment of the applicability of polystyrene
structures in modern buildings with high energy standards.
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32. Sadłowska-Sałęga, A.; Wąs, K. Moisture Risk Analysis for Three Construction Variants of a Wooden Inverted Flat Roof. Energies

2021, 14, 7898. [CrossRef]
33. Coelho, G.B.A.; Silva, H.E.; Henriques, F.M.A. Calibrated hygrothermal simulation models for historical buildings. Build. Environ.

2018, 142, 439–450. [CrossRef]
34. Laska, M.; Reclik, K. Analysis of Internal Conditions and Energy Consumption during Winter in an Apartment Located in a

Tenement Building in Poland. Sustainability 2024, 16, 3958. [CrossRef]

226



Energies 2025, 18, 6514

35. Dylewski, R. Optimal Thermal Insulation Thicknesses of External Walls Based on Economic and Ecological Heating Cost. Energies
2019, 12, 3415. [CrossRef]

36. Aviža, D. Investigation of the Determination of the Cost-Optimal Thickness of the Thermal Insulation Layer of the Walls of
a Modernized Public Building. Taikom. Tyrim. Stud. Ir. Prakt. Appl. Res. Stud. Pract. 2021, 17, 79–84. Available online:
https://ojs.panko.lt/index.php/ARSP/article/view/148 (accessed on 6 October 2025).

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

227



Article

Intelligent Optimization of Ground-Source Heat Pump Systems
Based on Gray-Box Modeling

Kui Wang 1,2, Zijian Shuai 3 and Ye Yao 3,*

1 Guangxi Guiwu Jin’an Refrigeration and Air-Conditioning Technology Co., Ltd., Nanning 530200, China;
drwkui@163.com

2 Guangxi Guiwu Energy Saving Co., Ltd., Nanning 530200, China
3 Institute of Refrigeration and Cryogenics, Shanghai Jiao Tong University, Shanghai 200240, China;

hbri818@sjtu.edu.cn
* Correspondence: yeyao10000@sjtu.edu.cn

Abstract

Ground-source heat pump (GSHP) systems are widely regarded as an energy-efficient
solution for building heating and cooling. However, their actual performance in large
commercial buildings is often limited by rigid control strategies, insufficient equipment
coordination, and suboptimal load matching. In the Liuzhou Fengqing Port commercial
complex, the seasonal coefficient of performance (SCOP) of the GSHP system remains
at a relatively low level of 3.0–3.5 under conventional operation. To address these chal-
lenges, this study proposes a gray-box-model-based cooperative optimization and group
control strategy for GSHP systems. A hybrid gray-box modeling approach (YFU model),
integrating physical-mechanism modeling with data-driven parameter identification, is
developed to characterize the energy consumption behavior of GSHP units and variable-
frequency pumps. On this basis, a multi-equipment cooperative optimization framework
is established to coordinate GSHP unit on/off scheduling, load allocation, and pump
staging. In addition, continuous operational variables (e.g., chilled-water supply tem-
perature and circulation flow rate) are globally optimized within a hierarchical control
structure. The proposed strategy is validated through both simulation analysis and on-site
field implementation, demonstrating significant improvements in system energy efficiency,
with annual electricity savings of no less than 3.6 × 105 kWh and an increase in SCOP
from approximately 3.2 to above 4.0. The results indicate that the proposed framework
offers strong interpretability, robustness, and engineering applicability. It also provides
a reusable technical paradigm for intelligent energy-saving retrofits of GSHP systems in
large commercial buildings.

Keywords: ground-source heat pump (GSHP); gray-box modeling; AI-based control; group
control optimization; energy efficiency; commercial building HVAC

1. Introduction

With the rapid economic development and rising living standards in China, building
energy consumption has increased continuously, posing significant challenges to energy
conservation and carbon emission reduction. According to the China Building Energy
Consumption and Carbon Emission Research Report (2023) [1,2], the building sector ac-
counted for 36.3% of national energy consumption in 2021, with more than 60% occurring
during the operational stage. In large public buildings, centralized heating, ventilation, and
air-conditioning (HVAC) systems typically account for over 40% of total building energy

Energies 2026, 19, 608 https://doi.org/10.3390/en19030608
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use [3]. Therefore, improving the operational efficiency of HVAC systems is regarded as
a critical pathway for achieving energy conservation and low-carbon building operation
under China’s dual-carbon targets.

Among various low-carbon HVAC technologies, ground-source heat pump (GSHP)
systems have attracted increasing attention due to their high theoretical efficiency and
environmental advantages [4,5]. By utilizing the relatively stable thermal conditions of shal-
low geothermal resources, GSHP systems can operate with smaller temperature lifts than
air-source systems, resulting in higher coefficients of performance and improved seasonal
efficiency [5]. Owing to these advantages, GSHP technology has gradually matured in
terms of system configurations and engineering applications and has been widely applied
in building heating and cooling, particularly in large commercial and public buildings [4,5].
Long-term field measurements and performance assessments further confirm the feasibility
and energy-saving potential of GSHP systems in real engineering applications [6,7].

However, the actual operational performance of GSHP systems often deviates from
their theoretical potential. Unlike conventional chiller systems, GSHP systems involve
strong coupling among multiple subsystems, including heat pump units, ground heat
exchangers, circulation pumps, and terminal systems. Previous studies have reported
that building load imbalance may lead to soil thermal imbalance in ground heat ex-
changers, which is recognized as a common long-term operational challenge in GSHP
systems [8–11]. Long-term monitoring and numerical investigations have shown that such
thermal imbalance can cause gradual degradation of ground temperature conditions and
system coefficient of performance [10,12–14]. These strong coupling effects and long-term
source–load interactions significantly increase the complexity of GSHP system operation
and performance prediction [15]. In engineering practice, GSHP systems are commonly
operated using rule-based control strategies with fixed setpoints or simple load-following
logic [16], which lack adaptability to varying operating conditions and limit the potential
for system-level energy efficiency improvement.

To address these challenges, increasing research efforts have been devoted to the
modeling and optimization-based control of GSHP systems. Physics-based models have
been widely used to describe system dynamics and heat-transfer processes, particularly
for long-term performance assessment and thermal imbalance analysis [9,10,12–14]. Mean-
while, numerical simulation platforms and detailed component models have been applied
to investigate hybrid GSHP configurations and operational strategies [17,18]. In addition,
variable-flow control methods have been explored to improve the thermal and economic
performance of GSHP systems under partial-load operation [19]. However, purely physics-
based models usually require detailed system knowledge and extensive calibration effort,
which limit their applicability in existing buildings. Conversely, purely data-driven ap-
proaches, although capable of capturing complex nonlinear relationships, often suffer from
limited interpretability and unreliable extrapolation under unseen operating conditions [20].
These limitations have constrained the practical deployment of advanced optimization and
control strategies in real GSHP installations.

In recent years, gray-box modeling approaches, which integrate simplified physical
structures with data-driven parameter identification, have attracted growing interest in
building energy modeling and control [20,21]. Gray-box models are capable of balancing
modeling accuracy, robustness, and engineering feasibility, making them particularly suit-
able for HVAC systems characterized by strong coupling and slow thermal dynamics [20].
Reduced-order gray-box models, typically formulated using state-space or resistance–
capacitance (RC) structures, have demonstrated reliable performance in HVAC energy
prediction and model predictive control while maintaining physical interpretability [21].
For GSHP systems, such approaches are particularly promising, as they are well suited to
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capturing essential thermal behaviors of ground loops and equipment interactions while
remaining computationally tractable for online optimization and group control [20,21].

More recently, advanced artificial intelligence-based control strategies have been
increasingly explored for HVAC and heat pump systems to overcome the limitations
of conventional rule-based operation. Reinforcement learning (RL), in particular, has
attracted growing attention due to its model-free and adaptive learning capability. For
example, Fu et al. [22] proposed a multi-agent deep reinforcement learning framework
for coordinated control of building cooling water systems, demonstrating notable energy-
saving performance through parallel learning and load distribution optimization. These
studies indicate that multi-agent RL has strong potential for handling high-dimensional
control problems in complex HVAC systems.

In parallel, model predictive control (MPC) has been widely applied to heat pump-
based energy systems by explicitly incorporating system dynamics and operational con-
straints into the optimization process. Zhao et al. [23] developed an adaptive MPC strategy
for a heat pump-assisted solar water heating system, in which time-varying heat pump
efficiency and adaptive control boundaries were considered, resulting in improved energy
and cost performance compared with conventional MPC and PID control.

Despite their promising performance, RL- and MPC-based control methods often
face challenges when applied to existing large-scale commercial ground-source heat pump
(GSHP) systems. These challenges include high data requirements for RL training, sub-
stantial computational burden for real-time MPC optimization, and limited physical in-
terpretability for engineering deployment and long-term maintenance. In this context,
gray-box-model-based optimization approaches offer a favorable compromise between
physical interpretability, modeling accuracy, and computational efficiency, making them
particularly suitable for coordinated control and energy optimization of GSHP systems
with strong source–load coupling and multiple interacting components.

Motivated by the above considerations, this study proposes a gray-box-model-based
group control optimization strategy for existing large-scale commercial ground-source heat
pump (GSHP) air-conditioning systems. Energy consumption models are developed for
GSHP units and variable-frequency pumps, and a multi-parameter cooperative optimiza-
tion framework is established by jointly coordinating supply water temperature, circulation
flow rate, and pump operating frequency. The proposed strategy is validated through both
simulation analysis and on-site field testing in a real commercial GSHP installation, demon-
strating its effectiveness, robustness, and strong potential for practical energy retrofits and
intelligent operation of GSHP systems.

2. Optimization Model Development

2.1. System and Model

To implement the proposed gray-box-model-based group-control optimization strat-
egy, a simplified yet physically meaningful representation of the GSHP system is first
required. This representation captures the system structure and key operating characteris-
tics for optimization. In this study, a typical GSHP air-conditioning system is considered
as the modeling object, and its configuration is abstracted to capture the essential thermal
and hydraulic interactions relevant to operational optimization, without reference to any
specific engineering project.

A typical GSHP system comprises buried ground heat exchanger loops, ground-side
circulation pumps, heat pump units, chilled-water circulation pumps, and terminal air-
conditioning equipment. These components form a closed-loop structure of ‘ground heat
exchanger–heat pump units–building load’, as schematically illustrated in Figure 1. This
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configuration represents the fundamental energy transfer path and coupling relationships
that govern GSHP system performance during cooling operation.

Figure 1. Schematic diagram of a typical ground-source heat pump (GSHP) system, illustrating
the source-side loop, plant-side components, and demand-side heat exchange. Bidirectional arrows
indicate hydraulic circulation loops, the curved arrow represents the direction of heating/cooling
service delivery, and dashed arrows denote data acquisition, control signals, and operational logging.

In this section, a gray-box model of GSHP units (the GSHP-YFU model) and an
energy-consumption model of variable-frequency pumps are developed based on the
physical mechanisms of GSHP operation, forming the foundation for a multi-parameter
cooperative optimization framework. Unlike conventional water-cooled chiller systems,
GSHP systems rely on ground heat exchanger loops, and their performance is primarily
affected by ground-side inlet and outlet water temperatures, load ratio, and circulation flow
rate. These characteristics result in relatively small temperature fluctuations but complex
coupling relationships.

To balance modeling accuracy and computational efficiency for optimization-oriented
applications, recent advances in HVAC and GSHP modeling are incorporated to construct
an engineering-applicable YFU model, which is further integrated with a particle swarm
optimization (PSO) algorithm to achieve system-level group-control optimization.

2.2. Gray-Box Model of GSHP Units (GSHP-YFU Model)
2.2.1. Modeling Requirements

Ground-source heat pump (GSHP) systems utilize soil as a heat source during heating
operation and as a heat sink during cooling operation. Ground temperature varies only
mildly with seasonal changes, but it can exhibit long-term cumulative effects. Therefore,
GSHP performance is influenced not only by instantaneous load but also by the evolution of
the underground thermal field. To accurately describe unit performance, this study adopts a
gray-box modeling approach combining physical mechanisms with data-driven parameter
identification. This hybrid method incorporates fundamental thermodynamic laws together
with measured engineering data, forming a model framework that is interpretable and
suitable for real-time optimization.

The gray-box model for GSHP units must satisfy the following requirements: (1) The
coefficient of performance (COP) must reflect simultaneous influences from chilled-water
temperature, ground-loop water temperature, and unit part-load ratio (PLR); (2) internal
parameters such as evaporating and condensing temperatures cannot be directly measured
under practical engineering conditions; therefore, the model must be formulated using
measurable quantities; (3) the model must provide sufficiently high prediction accuracy to
support real-time optimization and control.

Based on these requirements, the classical YAO universal model [24] is extended and
adapted to GSHP operation characteristics, forming the GSHP-YFU model.
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2.2.2. Evaporator and Condenser Heat-Transfer Models

The modeling approach follows the principle of using “physically meaningful yet
practically measurable parameters,” avoiding unobservable refrigerant-state variables.

• Evaporator Model: The evaporator absorbs heat from the chilled-water loop. Its
evaporating temperature depends on the chilled-water return temperature and the
water flow rate. The evaporating temperature model is expressed as follows:

Te = Tw,e,E − Qe

cwGw,e

[
1 − exp

(
− Ke Ae

cwGw,e

)] , (1)

where Te is the evaporating temperature (K); Tw,e,E is the chilled-water return temper-
ature (K); Qe is the evaporator cooling load (kW); cw is the specific heat capacity of
water (kJ/(kg·K)); Gw,e is the chilled-water mass flow rate (kg/s); and KeAe represents
the effective overall heat-transfer coefficient multiplied by heat-transfer area (W/K·m2).
These parameters collectively characterize evaporator heat-transfer performance.

• Condenser Model: The GSHP condenser rejects heat into the underground heat-
exchanger loop. The condensing temperature depends on the ground-side inlet water
temperature and the ground-loop flow rate. The condensing temperature model is
expressed as follows:

Tc = Tw,c,E +
Qc

cwGw,c

[
1 − exp

(
− Kc Ac

cwGw,c

)] , (2)

where Tc is the condensing temperature (K); Tw,c,E is the ground-side inlet temperature (K);
Qc is the condenser load (kW); Gw,c is the ground-loop mass flow rate (kg/s); and
Kc Ac represents the condenser heat-transfer capacity. These parameters describe the
condenser thermal behavior during GSHP operation.

2.2.3. Gray-Box COP Model for GSHP Units

There are various mathematical models for the energy efficiency of GSHP units,
including white-box models, gray-box models, and black-box models. In practical engi-
neering applications, gray-box and black-box models are commonly used, and a gray-box
model is adopted in this subsection. The traditional YAO model constructs the COP based
on the evaporation temperature, condensation temperature, and load ratio, as shown
in Equation (3):

COP =
r

Tc−Te
Tc

+ a1
Tc
Te

+ a2
, (3)

where r is the loading ratio of the chiller and a1 and a2 are empirical factors determined by
experimental data.

The generalized YAO model is derived from the first and second laws of thermo-
dynamics, under the assumption that the entropy of the refrigerant remains constant
throughout the refrigeration cycle. The model further accounts for the influence of the unit
load ratio on the COP. It employs three independent variables—load ratio, evaporating
temperature, and condensing temperature—and includes two regression coefficients.

In commonly used gray-box models, the effects of load ratio, chilled-water flow rate,
and cooling-water flow rate on the COP of GSHP units are typically not considered. The
YAO model incorporates these influential parameters. However, in practical applications,
quantities such as evaporating temperature, condensing temperature, heat-transfer coef-
ficients, and heat-exchange areas are often difficult to measure accurately. Moreover, the
heat-transfer coefficient is sensitive to variations in water flow rate. For these reasons, the
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original YAO formulation is revised and simplified in this study, and a new COP model for
GSHP units is proposed.

The load ratio reflects the relative magnitude of the cooling demand on the chiller,
and the water flow rate is generally positively correlated with the cooling load. Therefore,
in the reformulated model, the product of the heat-transfer coefficient and heat-exchange
area appearing in Equations (4) and (5) is replaced with a constant that is assumed to vary
linearly with the load ratio within a bounded range, as follows:

Ke Ae = (m1 − m0) r + m0, (4)

Kc Ac = (n1 − n0) r + n0, (5)

In the revised formulation, m1 and m0 denote the minimum and maximum values
of the empirical constant for the evaporator, respectively; similarly, n1 and n0 denote the
minimum and maximum values for the condenser.

Accordingly, Equations (1) and (2) can be rewritten as follows:

T′
e = Tw,e,E − Qe

cwGw,e

[
1 − exp

(
− (m1−m0)r+m0

cwGw,e

)] , (6)

T′
c = Tw,c,E +

Qc

cwGw,c

[
1 − exp

(
− (n1−n0)r+n0

cwGw,c

)] , (7)

Equations (3)–(7) establish a COP model that incorporates the supply and return
temperature of chilled water, the inlet and outlet temperature of cooling water, and the
chilled and cooling water flow rates. This model is hence named the YFU model.

2.2.4. Power Model of the GSHP Unit

The power consumption of the GSHP unit is determined by the cooling load and the
coefficient of performance (COP), as expressed in Equation (8):

PPGHSP =
Qe

COP
, (8)

where PPGHSP is the heat pump unit power (kW).

2.3. Energy Consumption Model of Variable-Frequency Pumps

Pumps provide the circulation power for chilled water and ground-loop water in
GSHP systems and constitute one of the most energy-intensive components aside from
the heat pump units themselves. Because building loads fluctuate with weather and
internal heat gains, constant-speed pumps often operate under high-flow, low-temperature-
difference conditions in which the actual temperature difference falls below the de-
sign value, resulting in significant pumping energy waste. To support an optimal con-
trol scheme, this subsection develops a mathematical energy-consumption model for
variable-frequency pumps.

2.3.1. Single Variable-Frequency Pump

The hydraulic output power of a single pump is expressed as follows:

Ppump,O =
ρwgHGw

3600 × 1000
, (9)

where Ppump,O is the hydraulic output power of the pump (kW), ρw is water
density (kg/m3), g is gravitational acceleration (m/s2), H is the pump head (mH2O),

https://doi.org/10.3390/en19030608
233



Energies 2026, 19, 608

and Gw is the volume flow rate (m3/h). These parameters characterize the pump’s energy
conversion capability.

The head–flow characteristic of the water pump can be approximated by a quadratic expres-
sion:

H = a0 + a1Gw + a2G2
w, (10)

The electrical input power of the pump should account for pump efficiency, motor
efficiency, and variable-frequency drive (VFD) efficiency:

Ppump =
Ppump,O

ηpηmηvfd
, (11)

where ηp, ηm , and ηvfd denote the pump, motor, and VFD efficiencies, respectively.
For motors rated above 18.375 kW, the motor efficiency is expressed as a function of

the speed ratio k, as follows:

ηm = 0.94187(1 − exp(−9.04k)), (12)

where k is the ratio of actual to rated motor speed.
Similarly, the VFD efficiency is given by the following equation:

ηvfd = 0.5087 + 1.283k − 1.42k2 + 0.5842k3, (13)

According to pump affinity laws, the relationships between flow rate, head, and
rotational speed n under two operating conditions can be expressed by Equation (14):

G1

G2
=

n1

n2
,

H1

H2
=

(
n1

n2

)2
, (14)

The key parameters H, ηp, ηm , and ηvfd can be expressed as functions of flow rate. The
pump input power is reformulated as a polynomial of real-time flow rate:

Ppump = b0 + b1Gw + b2G2
w, (15)

where bi is a coefficient identified by field data.

2.3.2. Parallel Variable-Frequency Pumps

Parallel pump operation is adopted when the flow requirement exceeds the capacity of
a single pump or when redundancy is needed for reliability. For n set of pumps operating
in parallel, the total system flow rate equals the sum of the individual flow rates, while all
pumps share the same head:

Gw,t =
n

∑
i=1

Gw,i, (16)

Ht = H1 = H2 = · · · = Hn, (17)

Under temperature-difference-based control, flow-regulating valves remain fixed,
allowing system hydraulic resistance to be treated as constant. The relationship between
head and flow rate is as follows:

Ht = SG2
w,t, (18)

where S is the system hydraulic resistance coefficient.
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The head–flow characteristic of each pump in parallel can be rewritten as follows:

Ht = a0,i + a1,i
Gw,i

n
+ a2,i

(
Gw,i

n

)2
, (19)

which provides the basis for determining flow distribution under parallel operation.
Although the total input power of n set of pumps can be theoretically derived

by solving Equations (9)–(19) simultaneously, this approach is computationally inten-
sive and sensitive to uncertainties in system hydraulic resistance. Therefore, for en-
gineering applicability, the total power consumption is modeled as the summation of
single-pump models:

Ppump,t =

n

∑
i=1

(
b0,i + b1,iGw,i + b2,i

Gw,i

n

)
, (20)

where bj,i are identified from measured data under different pump staging and operating
conditions. This formulation enables real-time optimization and integration into system-
level cooperative control strategies.

2.4. Optimization Strategies for GSHP System
2.4.1. Overall Optimization Problem Formulation of the GSHP System

The ground-source heat pump (GSHP) system considered in this study consists of
GSHP units, chilled-water circulation pumps, ground-side circulation pumps, and ter-
minal heat exchangers. The overall system energy performance is determined by the
combined effects of GSHP unit staging, load allocation, supply water temperature, and
circulation flow rates. These decision variables are strongly coupled through thermo-
dynamic and hydraulic relationships, resulting in a highly nonlinear and constrained
optimization problem.

The primary optimization objective is to minimize the total system energy consump-
tion while satisfying terminal cooling or heating demand and ensuring safe and stable
system operation. The total system power consumption is composed of the power con-
sumption of GSHP units, chilled-water pumps, and ground-side circulation pumps, and
can be expressed as

minJ = PGSHP + Pcwp + Pgsp, (21)

where PGSHP, Pcwp, and Pgsp denote the power consumption of the GSHP units, chilled-
water pumps, and ground-side circulation pumps, respectively.

From an optimization perspective, the GSHP system involves both discrete and con-
tinuous decision variables, as follows.

Discrete variables:

• On/off states of GSHP units;
• On/off states (or operating numbers) of chilled-water pumps;
• On/off states (or operating numbers) of ground-side circulation pumps.

Continuous variables:

• Chilled-water supply temperature;
• Chilled-water circulation flow rate;
• Ground-side circulation flow rate.

The coexistence of discrete and continuous variables renders the GSHP system opti-
mization problem a mixed-integer nonlinear programming (MINLP) problem.
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The optimization is subject to multiple physical and operational constraints, which
are summarized as follows.

• Cooling-load balance constraint:

Qload = ρwcwGchw(Tchw,r − Tchw,s) (22)

where Gchw is the chilled-water flow rate, and Tchw,r and Tchw,s are the chilled-water supply
and return temperatures, respectively.

• Chilled-water temperature constraints:

Ts,min ≤ Tchw,s ≤ Ts,max, (23)

Tchw,r − Tchw,s ≤ ΔTchw,max, (24)

• Ground-side temperature constraints:

Tg,min ≤ Tg,in ≤ Tg,max, (25)

Tg,out − Tg,in ≤ ΔTg,max, (26)

• Flow-rate constraints:
Gchw,min ≤ Gchw ≤ Gchw,max, (27)

Gg,min ≤ Gg ≤ Gg,max, (28)

• GSHP unit and pump operational constraints:

GSHP units and pumps must satisfy minimum on/off time requirements, minimum
part-load ratio constraints, and rated capacity limits to ensure operational safety and
equipment protection.

Optimization decomposition strategy: Due to the high dimensionality and mixed-
variable nature of the problem, directly solving the full MINLP formulation would lead to
excessive computational complexity. To ensure computational feasibility while preserving
optimization accuracy, a hierarchical decomposition strategy is adopted.

The optimization problem is decomposed into two coordinated stages:

• Discrete optimization stage, in which the on/off combinations of GSHP units and
circulation pumps as well as the load allocation among the running GSHP units,
are determined;

• Continuous optimization stage, in which the chilled-water supply temperature and
circulation flow rates are optimized under fixed unit and pump configurations.

Due to the strong coupling among GSHP units with respect to on/off control, load
allocation, supply-water temperature, and circulation flow rates, the overall optimization
problem constitutes a high-dimensional mixed-integer nonlinear programming (MINLP)
problem with complex constraints. Directly solving the complete MINLP formulation
would impose excessive computational burden and limit its applicability in real-time
engineering practice.

To address this challenge, a hierarchical two-stage cooperative optimization strategy
is adopted in this study. In the first stage, discrete decision variables—including the on/off
states of GSHP units and circulation pumps, as well as load allocation among operating
units—are optimized using combinatorial logic and exhaustive search. In the second
stage, continuous operational variables, such as the chilled-water supply temperature and
ground-side circulation flow rate, are globally optimized under fixed on/off configurations
using particle swarm optimization (PSO).
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This two-stage strategy effectively decouples combinatorial on/off control decisions
from continuous nonlinear optimization, significantly reducing computational complexity
while preserving solution quality. The overall framework of the proposed optimization
strategy is illustrated in Figure 2.

Figure 2. Two-stage cooperative optimization framework for the GSHP system.
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2.4.2. GSHP Unit On/Off Control and Load Allocation

As a key component of the discrete optimization stage described in Section 2.4.1,
this subsection discusses the coupled optimization of GSHP unit on/off control and load
allocation. Conventional on/off control strategies for ground-source heat pump (GSHP)
units usually rely on fixed load thresholds or predefined staging sequences, while load
allocation among operating units is treated independently, typically following equal-load
or equal-load-ratio principles. Such decoupled control logic neglects the fact that GSHP
units exhibit different efficiency characteristics under varying load levels, which often leads
to suboptimal operating conditions and limits the achievable system efficiency.

To address this issue, this study proposes a coupled optimization strategy for GSHP
unit on/off control and load allocation, aiming to maximize the system-level coefficient of
performance (COP) while satisfying the terminal cooling or heating demand. The core idea
is to coordinate unit staging and load distribution simultaneously, allowing different GSHP
units to operate at different load levels so that as many units as possible remain close to
their high-efficiency regions.

Based on the performance curves of individual GSHP units, the optimal load ratio
corresponding to the maximum COP of each unit is identified. A Combined Mean Squared
Error (CMSE) index is then defined to quantify the deviation between the actual load ratios
of operating units and their respective optimal load ratios. A smaller CMSE indicates that
the overall operating state of the GSHP system is closer to its optimal efficiency envelope.

The overall coupled optimization procedure is illustrated in Figure 3.

Figure 3. COP-based unit staging and load allocation optimization procedure.

First, according to the real-time system cooling or heating load, the minimum num-
ber of GSHP units required to meet the demand is determined. For a given number of
operating units, all possible unit on/off combinations are enumerated using an exhaustive
search. For each candidate combination, a load allocation procedure is performed, and the
corresponding system COP is calculated. The unit combination and load allocation scheme
yielding the maximum system COP are retained as the optimal solution. The number of
operating units is then increased incrementally, and the above process is repeated until all
feasible configurations have been evaluated.
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Within each candidate on/off configuration, the detailed load allocation procedure
is conducted within the discrete optimization stage shown in Figure 4. A subset of GSHP
units is allowed to operate at their optimal load ratios, while the remaining units share
the residual load. Load allocation schemes that result in negative unit loads are discarded.
When no unit is assigned to operate at its optimal load ratio, an equal-load-ratio allocation
is adopted to avoid excessively low load levels that would cause severe COP degradation.
Through this coupled optimization of unit staging and load allocation, inefficient operating
conditions such as “large units serving small loads” or “small units overloaded by large
demands” are effectively avoided, leading to a higher average system COP and reduced
energy consumption associated with frequent on–off cycling.

Figure 4. Inner-loop load allocation procedure under fixed unit staging.

2.4.3. Optimization of Chilled-Water and Ground-Side Pump On/Off Control

The objective of the optimized on/off control strategy for chilled-water pumps and
ground-side circulation pumps is to minimize the total pump power consumption while
satisfying the system flow-rate requirements. By optimally determining the operating
status of each pump, unnecessary pump operation can be avoided and overall pump-
system energy efficiency can be improved. The optimization problem is formulated with
the total pump power consumption as the objective function, expressed as follows:

Ptotal =
N

∑
i=1

uiPi(Qi), (29)

where ui is a binary variable indicating the operating status of pumpi, Qi is the flow rate of
pumpi, and Pi(Qi) denotes the power consumption of pumpi as a function of its flow rate.

In this formulation, the total system flow rate must satisfy the required demand, which
is determined by the cooling or heating load of the GSHP system. The flow rate of each
pump is constrained within its allowable operating range, defined by the minimum and
maximum flow-rate limits of the pump.

The optimization procedure for pump on/off control is implemented as follows. First,
based on the required system flow rate, the minimum number of pumps necessary to meet
the demand is determined and set as the initial number of operating pumps. For a given
number of operating pumps, all possible pump on/off combinations are enumerated using
an exhaustive search method. Since the pumps operate in parallel and are of identical or
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similar types, equal load ratio (equal flow-rate ratio) allocation is adopted for the operating
pumps to ensure consistent head conditions and to prevent adverse hydraulic phenomena
such as reverse flow caused by head mismatch.

For each candidate on/off configuration, the total pump power consumption is cal-
culated based on the assigned flow rates. If the total pump power under the current
configuration is lower than the previously recorded minimum value, the current pump
on/off configuration is recorded as the optimal solution. When the number of operating
pumps is smaller than the total number of installed pumps, the number of operating pumps
is increased by one, and the above enumeration and evaluation process is repeated. Finally,
the pump on/off configuration and corresponding flow-rate distribution that yield the
minimum total pump power consumption are obtained, which are then used to determine
the operating frequency of each pump. The detailed optimization procedure of the pump
on/off control strategy is illustrated in Figure 5.

Figure 5. Pump staging and flow allocation optimization procedure based on minimum power consumption.

2.4.4. Determination of the Optimal Staging Combination Based on Start–Stop Strategies

Following the optimization logic described in Sections 2.4.1 and 2.4.2, the first stage
of the proposed framework identifies feasible staging combinations for GSHP units and
circulation pumps. The objective is to determine combinations that satisfy cooling-load
requirements while minimizing total system energy consumption. The process consists of
three steps.

• Construction of the feasible on/offsets: Considering minimum on/off time constraints,
minimum part-load ratios, motor capacity limits, and operational safety requirements,
a complete set of feasible unit start–stop combinations is generated.

• Load-matching-based combination screening: For each candidate combination, the
mean squared error (MSE) between the operating point and the optimal efficiency
region of each GSHP unit is calculated. This metric is used to select one or several
candidate staging combinations that best match the prevailing load.
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• Optimal pump-staging selection: Based on the head–flow characteristics of parallel
pumps, the power consumption under different numbers of operating pumps is esti-
mated. The staging combination that satisfies the target flow rate with the minimum
energy consumption is selected.

The output of this first stage includes the following:

1. The optimal on/off combination of GSHP units;
2. The optimal number of operating chilled-water pumps;
3. The optimal number of operating ground-side circulation pumps. These discrete

decision variables serve as fixed boundary conditions for the second-stage
PSO optimization.

2.4.5. PSO-Based Continuous Variable Optimization Using the Gray-Box Model

Once the unit and pump staging strategies have been determined, particle swarm
optimization (PSO) is applied to perform global optimization of continuous opera-
tional variables. The optimization objective is to minimize the total system energy con-
sumption while satisfying terminal cooling-load requirements and maintaining stable
system operation.

The total system energy consumption is defined as the sum of the power consumption
of GSHP units, chilled-water pumps, and ground-side circulation pumps. Operational
constraints include limits on chilled-water supply temperature, ground-loop inlet tem-
perature, temperature differences across heat exchangers, and allowable flow-rate ranges.
To reduce problem dimensionality and improve computational efficiency, a hierarchical
variable-selection strategy is adopted.

In the chilled-water loop, the supply chilled-water temperature is selected as the
optimization variable, while the return temperature is treated as an uncontrollable variable
determined by load conditions. In the ground-side loop, the circulation flow rate is selected
as the optimization variable, whereas inlet and outlet temperatures are constrained by
soil thermal characteristics. Continuous variables are optimized using PSO, while discrete
variables are fixed based on the results of Stage 1. This hybrid optimization strategy ensures
both computational efficiency and high-quality solutions for GSHP system operation.

3. Case Study

3.1. System Equipment Overview
3.1.1. Configuration of Cooling Source Equipment

The chilled-water plant of the Liuzhou Fengqing Port commercial complex is located
in an independent area on the first floor of the building, fully isolated from other functional
zones. The cooling-source subsystem is equipped with three DunAn ground-source heat
pump (GSHP) units. Among these, one large-capacity unit provides a cooling capacity of
2627 kW and a rated power of 507 kW, while the other two smaller units each provide a
cooling capacity of 2388 kW and a rated power of 364 kW.

The associated hydronic network includes four chilled-water pumps and four ground-
loop circulation pumps, all operating under variable-frequency control. Each pump has a
rated power of 75 kW, a design flow rate of 460 m3/h, and a head of 37 m. The chilled-water
supply temperature is normally fixed as 9 ◦C.

The GSHP system operates year-round, and the annual operating cost is estimated
using an average electricity tariff of 0.8 RMB/kWh. The annual load profile indicates
approximately 90 days of high-load operation and 120 days of low-load operation. Based
on on-site investigations and operational records, the GSHP System Equipment Parameter
Table (Table 1) is compiled.
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Table 1. Equipment parameters of the GSHP system.

Category Quantity
Cooling
Capacity

(kW)
Power (kW)

Flow Rate
(m3/h)

Head (m)

GSHP Unit 1 2627 507 – –
GSHP Unit 2 2388 364 – –

Chilled-
water Pump 4 – 75 460 37

Ground-
loop Pump 4 – 75 460 37

3.1.2. Current Status of Variable-Frequency Pump Control

All chilled-water and ground-loop circulation pumps are equipped with ABB variable-
frequency drives (VFDs), enabling continuous modulation of pump speed. The control
architecture consists of a centralized group-control panel and an electrical power cabi-
net, which together facilitate integrated control of GSHP units, pumps, and plate heat
exchangers. This control infrastructure provides a reliable foundation for the subsequent
implementation of AI-based group-control optimization.

3.1.3. System Operation and Data Acquisition

The GSHP system undergoes frequent start–stop cycles and wide variations in cooling
load throughout the year. The system’s critical operational variables—including chilled-
water supply and return temperatures, ground-side inlet and outlet temperatures, flow
rates, pump and unit power consumption, and ambient temperature—are continuously
monitored and recorded through on-site sensors. These measurements form a full-spectrum
dataset that captures the system’s behavior across all operating conditions and serves as
the basis for model training and parameter identification.

3.2. Model Development and Parameter Identification

Based on the GSHP-YFU model and the gray-box pump models introduced
in Section 2, parameter identification is performed using measured operational data from
the Liuzhou Fengqing Port GSHP system. Prior to model calibration, the dataset under-
goes preprocessing, including outlier removal, segmentation according to load level, and
imputation of missing values, ensuring data quality and improving the effectiveness of
model fitting.

Subsequently, the least-squares method is applied to identify the model parameters.
The resulting parameter sets allow the GSHP unit and pump models to accurately reflect
equipment energy efficiency characteristics under varying operating conditions, and the
results are presented in Table 2.

Table 2. Model parameters of the GSHP-YFU units.

Unit a1 a2

1 GSHP-YFU Unit 0.3485 0.3662
2 GSHP-YFU Unit 0.3814 0.3917

For the chilled-water pumps operating in parallel, separate parameter sets are identi-
fied for one, two, three, and four-pump operating scenarios, resulting in four correspond-
ing gray-box pump models. Each model follows the cubic polynomial form described
in Section 2, and the fitted coefficients are summarized in Table 3.
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Table 3. Model parameters of chilled-water pumps under different operating modes.

Operating Mode b0 b1 b2

Single Pump 8.2563 −0.2257 0.0022
Two Pumps
in Parallel 11.5840 −0.3655 0.0039

Three Pumps
in Parallel 12.4910 −0.4600 0.0056

Four Pumps
in Parallel 13.2159 −0.5545 0.0073

The ground-loop circulation pumps operate in series with the GSHP units and do not
interfere with one another. Therefore, parameter identification is conducted individually
for each pump, and the results are presented in Table 4.

Table 4. Model parameters of ground-loop circulation pumps.

Pump No. b0 b1 b2

1 Ground-loop Pump 16.4840 −0.2895 0.0017
2 Ground-loop Pump 14.9624 −0.2701 0.0016
3 Ground-loop Pump 10.0260 −0.1985 0.0014
4 Ground-loop Pump 17.5911 −0.3055 0.0017

After parameter identification, the prediction accuracy of the proposed GSHP-YFU
model was further evaluated using measured operational data. The modeled coefficient of
performance (COP) was compared with field measurements under different load conditions.
Considering the strong load dependency of GSHP system performance, a load-ratio-based
grouping strategy was adopted for model evaluation. The quantitative prediction accuracy
of the GSHP-YFU model is summarized in Table 5. The results show that the GSHP-YFU
model achieves an RMSE of approximately 0.22 and a coefficient of variation (CV) of
about 3.5%, indicating satisfactory prediction accuracy and robustness for optimization-
oriented control applications.

Table 5. Prediction accuracy of the GSHP-YFU model.

Metric Value Description

RMSE 0.22 Root mean square error of COP prediction

CV (%) 3.5 Coefficient of variation under
load-ratio-based grouping

3.3. Simulation Platform and Performance Validation

To evaluate the effectiveness of the proposed multi-parameter cooperative optimiza-
tion strategy, an integrated simulation platform is developed for the GSHP cooling-
source system of the Liuzhou Fengqing Port commercial complex. The platform is con-
structed based on measured operational data and the identified gray-box models of GSHP
units and pumps, enabling dynamic simulation of system operation, component-level
power calculation, real-time cooperative optimization, and quantitative assessment of
energy-saving performance.

Two representative operating scenarios are designed for comparative analysis during
the cooling season:

• a conventional non-optimized operation mode, in which the chilled-water supply
temperature is fixed at 9 ◦C, pump frequency is maintained at 50 Hz, and no load-
adaptive control is applied; and
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• an AI-based group-control optimization mode, in which chilled-water supply tem-
perature and circulation flow rates are dynamically adjusted using the proposed
optimization framework.

3.3.1. Performance Under Low-Load Operating Conditions

Figure 6a illustrates the system cooling-load profile under typical low-load operating
conditions during the cooling season. Based on this load characteristic, Figure 6b com-
pares the system energy consumption before and after the application of the AI-based
optimization strategy.

Figure 6. System performance under low-load operating conditions during the cooling season:
(a) cooling-load variation; (b) comparison of energy consumption before and after AI-based optimization.

Simulation results indicate that under low-load conditions, the proposed control strat-
egy effectively coordinates GSHP unit staging and pump operation, thereby maintaining
system operation close to the high-efficiency region. As a result, unnecessary unit cycling
and redundant pump operation are significantly reduced. Quantitative analysis shows that
the optimized control achieves an average daily energy-saving rate of 21.4%, corresponding
to a daily electricity saving of 1646 kWh. Assuming an electricity tariff of 0.8 RMB/kWh,
the resulting daily cost reduction is approximately RMB 1316.

3.3.2. Performance Under High-Load Operating Conditions

Figure 7a presents the cooling-load variation of the GSHP system under typical high-
load operating conditions. Figure 7b shows the corresponding comparison of system
energy consumption between conventional control and AI-based optimized control.

Figure 7. System performance under high-load operating conditions during the cooling season:
(a) cooling-load variation; (b) comparison of energy consumption before and after AI-based optimization.
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Despite the significantly increased cooling demand under high-load conditions, the
proposed optimization strategy remains effective in reducing total system energy consump-
tion through real-time adjustment of chilled-water supply temperature and ground-loop
circulation flow rate. The simulation results indicate that the system achieves an average
daily energy-saving rate of 18.7% under high-load conditions, with a daily electricity saving
of 1841 kWh. At an electricity price of 0.8 RMB/kWh, this corresponds to a daily cost
saving of approximately RMB 1472.

3.3.3. Annual Energy-Saving Potential

Based on the annual operating profile of the Liuzhou Fengqing Port GSHP system,
approximately 120 days of low-load operation and 90 days of high-load operation are
assumed. Using the simulated daily energy-saving results, the total annual electricity
saving of the cooling-source subsystem can be estimated as follows:

Eannual = 1646 × 120 + 1841 × 90 = 3.63 × 105 kWh, (30)

With an average electricity tariff of 0.8 RMB/kWh, the corresponding annual cost
saving is approximately RMB 2.91 × 105. These results demonstrate the significant energy-
saving potential and practical applicability of the proposed AI-based cooperative optimiza-
tion strategy for large-scale GSHP systems.

3.4. Field Implementation and Measured Energy-Saving Performance of AI-Based
Optimization Control

After completing the modeling and simulation-based validation of the proposed
optimization strategy, the AI-based cooperative optimization control was deployed to
the cooling and heating source system of the Liuzhou Fengqing Port project for on-site
verification. A continuous field test lasting approximately two months was conducted to
evaluate the actual energy-saving performance under real operating conditions.

The AI control platform adopts a programmable logic controller (PLC) as the
execution layer.

Operating data from ground-source heat pump (GSHP) units and pumps are ac-
quired through standard industrial communication protocols, while optimized control
setpoints—including unit start–stop scheduling, variable-frequency pump control, and
supply-water temperature adjustment—are issued in real time. The overall control ar-
chitecture forms a closed-loop structure consisting of data acquisition, model prediction,
optimization decision, and command execution, enabling the optimization algorithm to
continuously adapt to changing operating conditions in practice.

3.4.1. Test Methodology and Baseline Configuration

Energy-saving performance was evaluated using an alternating-day experimental
method, in which one day of AI-based control was followed by one day of conventional
(non-AI) control. The test period spanned from 19 September to 17 November 2024. Daily
electricity consumption was used as the primary evaluation metric.

Under the non-AI baseline condition, system settings were configured as follows.
In September, the chilled-water supply temperature was fixed at 10 ◦C, with the ground-
side circulation pumps operating at 44 Hz and the chilled-water pumps at 50 Hz. During
October and November, the chilled-water supply temperature remained at 10 ◦C, both
pump types operated at a fixed frequency of 50 Hz, and the cooling tower ran at constant
speed. These baseline settings reflect typical conventional control strategies without load-
adaptive optimization.
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3.4.2. Energy-Saving Performance of the Cooling System

Figure 8 presents the comparative results of daily electricity consumption for the
cooling system under AI-based control and conventional operation during the test period.
In September, the AI-based strategy achieved energy-saving rates of 17.4% for the ground-
side circulation pumps, 12.5% for the GSHP units, and 43.7% for the chilled-water pumps,
resulting in an overall system energy-saving rate of 24.1%.

Figure 8. Daily electricity consumption breakdown of the cooling system under different con-
trol strategies. Each stacked bar represents the total daily electricity consumption, consisting of
ground-side circulation pumps, ground-source heat pump units and chilled-water pumps. Bars
outlined in blue indicate AI-based control, while those outlined in orange indicate conventional
(non-AI) operation.

In October, the energy-saving performance further improved, with the ground-side
pump energy-saving rate increasing to 29.5%, while the chilled-water pumps maintained a
stable saving rate of 42.2%. The overall system energy-saving rate reached 25.8%. As the
system entered a low-load operating regime in November, the total system energy-saving
rate remained at 21.8%, and the chilled-water pumps continued to exhibit a substantial
energy-saving rate of 33.3%. These results indicate that the AI-based control strategy
maintains robust performance across varying load conditions.

3.4.3. Energy-Saving Performance of the Heating System

The measured energy-saving performance of the heating system during the same
test period is shown in Figure 9. For the No. 1 hot-water heat pump unit, the AI-based
control strategy achieved system-level energy-saving rates of 27.2%, 23.7%, and 21.8% in
September, October, and November, respectively.

Figure 9. Measured energy-saving performance of the heating system under AI-based control during
the test period from September to November.
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Throughout the entire heating test period, the chilled-water pumps consistently ex-
hibited high energy-saving rates ranging from 39% to 51%. This sustained performance
demonstrates the strong capability of the AI-based optimization strategy in continuously
optimizing variable-flow operation, even under changing seasonal and load conditions.

3.4.4. Field Test Results

Based on the comprehensive multi-condition field test results, the AI-based con-
trol system achieved an average energy-saving rate of 24.1% during the cooling season
and 24.2% during the heating season, with the chilled-water pumps identified as the
primary contributors to overall energy reduction. Notably, even during low-load and
transitional seasons, the system maintained an energy-saving rate exceeding 21.8%, demon-
strating the stability, robustness, and strong potential for large-scale application of the
proposed AI-based cooperative optimization strategy.

4. Conclusions

This study investigates the intelligent optimization of ground-source heat pump
(GSHP) systems for large commercial buildings, taking the Liuzhou Fengqing Port commer-
cial complex as a representative case. A comprehensive AI-based group-control optimiza-
tion framework founded on gray-box modeling is proposed to address the long-standing
issues of rigid operational strategies, insufficient equipment coordination, and subopti-
mal energy efficiency in conventional GSHP system operation. The main conclusions are
summarized as follows.

• A gray-box performance modeling method for GSHP units is developed based on
thermodynamic principles and measured operational data. By extending and reformu-
lating the classical YAO model, the proposed GSHP-YFU model accurately captures
the coupled effects of load ratio, chilled-water temperature, ground-loop tempera-
ture, and flow rate on the coefficient of performance (COP), while maintaining strong
interpretability and suitability for real-time engineering applications.

• Energy consumption models for both single and parallel variable-frequency pumps
are established using data-driven identification techniques. These models effectively
characterize the nonlinear relationship between pump power consumption and real-
time flow rate under different staging conditions, providing a reliable foundation for
system-level hydraulic optimization.

• A multi-parameter cooperative optimization strategy is proposed, integrating GSHP
unit start–stop scheduling, load allocation, pump-staging optimization, and
continuous–variable regulation. To efficiently handle the coexistence of discrete
and continuous decision variables, a two-stage hierarchical optimization frame-
work is designed, in which discrete staging decisions are determined first, fol-
lowed by particle swarm optimization (PSO)for continuous operational variables.
This structure significantly reduces computational complexity while ensuring global
optimization performance.

• An integrated simulation platform is constructed based on measured data and the
developed gray-box models to validate the proposed optimization strategy under dif-
ferent operating conditions. Simulation results indicate that the AI-based optimization
strategy achieves average daily energy-saving rates of 21.4% under low-load condi-
tions and 18.7% under high-load conditions during the cooling season, demonstrating
strong robustness across varying load regimes.

• Field implementation and alternating-day on-site testing further confirm the practical
effectiveness of the proposed strategy. The AI-based control system achieves average
energy-saving rates of 24.1% in the cooling season and 24.2% in the heating season,
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with chilled-water pumps identified as the primary contributors to energy reduction.
Even during low-load and transitional periods, the system consistently maintains
energy-saving rates exceeding 21.8%. The seasonal coefficient of performance (SCOP)
of the GSHP system is improved from approximately 3.2 to above 4.0, corresponding
to an annual electricity saving of more than 3.6 × 105 kWh.

• Overall, the proposed AI-based cooperative optimization framework demonstrates
strong engineering applicability, stability, and scalability. It provides a reusable techni-
cal paradigm for intelligent energy-saving retrofits of GSHP systems in large commer-
cial buildings and contributes to the advancement of low-carbon building operation
under the dual-carbon targets.

Despite the promising results, several aspects warrant further investigation. Future
work will focus on improving the scalability of the proposed optimization framework by
replacing the current exhaustive search strategy in the discrete decision stage with more
efficient solution methods, such as genetic algorithms or mixed-integer particle swarm
optimization, to enable application to larger-scale GSHP systems. In addition, longer-term
field tests covering multiple seasons, together with soil temperature profiling, will be
conducted to further evaluate the long-term thermal behavior of ground heat exchangers
and the effectiveness of thermal imbalance mitigation under practical operating conditions.
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