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Abstract: Reducing energy consumption in buildings is crucial for minimizing environmental
impacts and improving energy efficiency. In the building industry, air-conditioning systems account
for most of the energy consumption. The passive use of thermal energy storage (TES) incorporated
into building envelopes has been proven to reduce energy consumption. Therefore, this research
examines the application of TES in residential structures, employing coconut oil as the Phase Change
Material (PCM). The assessment of coconut oil's effectiveness as a thermal storage medium in a
residential building situated in tropical climates is conducted using EnergyPlus software. The thermal
comfort, including the indoor temperature and relative humidity, were compared with and without
PCM. The results demonstrate that using coconut oil can stabilize thermal comfort, thereby reducing
both the cooling load and energy consumption. Finally, an Artificial Neural Network was employed
to predict energy consumption based on daily fluctuations in outdoor temperature and relative
humidity, resulting in a strong correlation. The modeling results found that the energy consumption
and the cooling load reached a maximum of 2797,435 W and 28,009.4 kJ. This research would be
valuable in the early phases of building design when simulating the built environment using PCM at
the tropical.

Keywords: Phase Change Material; Coconut Oil; EnergyPlus; Building Simulation; Artificial

Neural Network

1. Introduction

In 2020, the global mean surface temperature (GMST)
exceeded pre-industrial levels by 1.2 + 0.1°C"?, making it
one of the three warmest years ever recorded, especially
in tropical climate regions®. This temperature increase has
led to heightened energy consumption in residential
Heating, Ventilation, and Air Conditioning (HVAC)
systems, especially in air conditioning®. The use of Air
Conditioning is increasing because the average
temperature in tropical places such as Jakarta is 29°C,
which is higher than the comfortable Temperature of 25°C
with a relative humidity of 60%%7. HVAC systems, vital

for indoor temperature and air quality regulation,
contribute to increased energy use, straining power grids,
and escalating emissions®”. This phenomenon of
heightened energy demand also results in elevated energy
bills for residents, impacting their financial well-
being!®!V).  Thus, reducing energy consumption in
residential ~ buildings is imperative to mitigate
environmental impacts, lower energy costs, and enhance
overall sustainability.

Thermal energy storage (TES) technology emerges as a
viable solution to address the challenges associated with
high HVAC energy consumption'>'¥. TES involves
storing energy by heating or cooling a material, which can
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then be released to regulate Temperature as needed'>. TES
systems store heat during periods of low demand and
release it during peak hours, thereby decreasing the
necessity for HVAC systems to operate at total capacity
during peak demand periods'>'®. PCM is a medium
within TES technology capable of storing and releasing
substantial energy through melting and solidifying'>!7).
Over the past decade, there has been an increasing trend
in the incorporation of PCMs across various construction
works, containing both new and retrofitting projects'®).
When selecting a PCM for residential buildings, several
critical criteria must be considered. Firstly, the PCM
should match the operational temperature range of the
building to efficiently store and release energy as needed.
It must also be housed in a suitable container with
effective surface heat exchangers, facilitating optimal heat
transfer from source to PCM and then to the heat sink.
Ensuring environmental protection and structural stability
is essential to prevent adverse interactions and ensure ease
of handling'?. Moreover, the PCM should offer corrosion
resistance, thermal stability, and flexibility, alongside
sufficient heat transfer surface, to meet application
requirements. High thermal conductivity is vital for
enhancing heat transfer efficiency while preventing phase
segregation is crucial for consistent performance. Fire
safety and cost-effectiveness, including installation
expenses, are also significant considerations. These
criteria collectively ensure the PCM's suitability for
residential applications, optimizing energy utilization,
enhancing solar control, and achieving substantial energy
savings'>??, The thermal conductivity of organic PCMs is
a crucial factor influencing their performance and
effectiveness. Higher thermal conductivity allows for
more efficient heat transfer, vital for applications
requiring rapid thermal energy storage and release.
Thermal conductivity also impacts thermal effusivity,
enhancing the material's ability to exchange heat with its
surroundings®?. Coconut oil, among other organic PCMs,
has become particularly popular''®, Coconut oil is a
viable PCM due to its biodegradability, availability, and
phase change temperature range. However, alternatives
like paraffin wax, soy wax, salts, nanoparticle-enhanced
PCMs, and other bio-based PCMs offer unique
advantages and have been utilized in various studies.
While the primary purpose of installing PCMs like
coconut oil is typically to reduce heating energy expenses,
they also bring additional advantages by addressing
indoor thermal conditions?>¥. The primary thermal
comfort advantage offered by PCMs lies in their capacity
to mitigate fluctuations in indoor air temperature,
effectively  disconnecting them  from  external
variations?>2%. Nevertheless, the efficacy of PCMs is
notably influenced by the specific climate and properties
of the PCM itself>”.

As an organic PCM, Coconut oil is recognized for
improving the thermal efficiency of infrastructure owing
to its elevated latent heat capacity, appropriate phase-

change temperature, and consistent physical and chemical
attributes. Organic PCMs, which encompass coconut oil,
demonstrate qualities such as non-toxicity, non-
corrosiveness, and minimal supercooling and segregation
tendencies. Coconut oil is an effective PCM due to its
favourable melting point range of 22-26°C, high latent
heat capacity, and minimal supercooling during phase
transitions. It is non-corrosive to metal containers, making
it practical for various applications. With a thermal
conductivity of 0.161 W/m'K and a heat of fusion of
103.25 kJ/kg, coconut oil can store and release significant
amounts of thermal energy, proven by its latent heat value
of 114.6 J/g. Rich in fatty acids, particularly lauric acid,
coconut oil is a significant organic PCM. Its transition
temperature range is especially useful for TES in
buildings, as it can help stabilize room temperatures in
tropical climates®*?®., However, despite these merits,
organic PCMs encounter challenges related to low thermal
conductivity, flammability, and enthalpy?”. The efficiency
of coconut oil as a thermal control agent is influenced by
cell size, with smaller sizes exhibiting reduced variations
with air temperature and shorter time delays due to
enhanced charging ability>”. As the rises of ambient air
temperature, the time required for the material to undergo
phase change decreases. For instance, at 30°C, the phase
change time for a PCM with an 8 cm thickness is 1700
minutes, and stability is maintained at 27°C'®. The
observations suggest that the amount of coconut oil
around 135-170 kg is needed in the afternoon to reduce
the maximum temperature of the air within a standard
room measuring 3x4 m? by 2.0-2.5 K?. From the results
of this research, it can be observed that the relatively
moderate melting point and solidification temperature
range of coconut oil make it suitable for application in
Indonesia, where outdoor temperatures do not exceed
37°C. Therefore, when the outdoor temperature reaches
30°C, the PCM has already experienced a change of phase
and absorbed the incoming radiant heat into the internal
building. Coconut oil is derived from coconuts, which are
abundant in tropical regions like Indonesia. Being a
natural and renewable resource makes it an
environmentally friendly choice for thermal energy
storage. Furthermore, Coconut oil is biodegradable,
adding to its environmental sustainability. After its useful
life, it can be disposed of without causing harm to the
environment.

In this study, to examine the Cooling loads and Energy
consumption using Coconut Oils as PCM, EnergyPlus
Software and Artificial Neural Networks (ANN) are
utilized’”. EnergyPlus has been used to validate the
correctness and performance of PCM products'® and to
simulate the thermal impacts of PCMs in buildings. The
software can simulate the energy use of buildings. A study
by Yizhou Sang et al. (2017) observed the thermal
behavior of buildings containing PCM and compared
experimental and modeling results utilizing EnergyPlus
Software. The study found that the model was able to
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follow the trend of the inner surface temperature3). ANN
is a suitable choice for predicting the effect of PCM on
building performance due to its data-driven approach,
ability to handle complexity, high prediction accuracy,
adaptability, real-time monitoring capabilities, and
potential for integration with other technologies®?.

This study aims to model a residential building in
tropical climates using the EnergyPlus software. The
cooling load and energy consumption of the building
would be compared within the building that integrate
PCM in the construction with the building that do not
integrate the PCM. Further, the prediction would be done
using ANN by training the model to predict cooling load
and energy consumption based on outdoor temperature
and relative humidity variables. From this study, the
anticipated outcome of this research is to showcase the
effectiveness of artificial intelligence, specifically the
application of ANN, in predicting cooling load and
consumption of energy in buildings of residential.
Residents can forecast their energy usage based on
demand response programs thanks to the criteria that were
selected: cooling load and energy consumption as output
variables, outside temperature and relative humidity as
input factors. Accurately estimating energy requirements
allows for the strategic reduction of energy usage at times
of peak demand, which reduces the load on the power
system and results in significant cost savings. By choosing
these factors carefully, energy resources may be managed
more efficiently, reducing the need for extra power
production during peak hours. This predictive capability
can be instrumental in enhancing energy management
practices within buildings, paving the way for more
efficient and sustainable energy usage, especially in
tropical climates where cooling demands are substantial.
By offering insights into the benefits of PCM integration
and the predictive capabilities of ANN, this study
contributes to the advancement of energy-efficient
practices in the residential sector.

2. Methodology
2.1 Building Energy Modelling

Energy modeling in buildings which aims to analyze
cooling loads and energy consumption is carried out using
EnergyPlus. The primary focus is on analyzing cooling
loads and overall energy consumption, with a keen
consideration of influential factors such as weather
conditions, geographical location, building types, and
construction materials. EnergyPlus is software with
unique modeling for designing HVAC systems in a
building with a simulation system. Buildings simulated in
the EnergyPlus software can know their energy
consumption loads so that EnergyPlus can determine a
highly optimal and efficient HVAC system in a building.

This building was conditioned in Jakarta, Indonesia,
precisely in the Halim Perdana Kusuma Airstrip area. This
site location input data was obtained from climatic design
information®®. This building is in the Halim area, Jakarta,

precisely at -6.27° latitude and 106.89° longitude and has
a height of 8 MASL. This area is a city area. Table 1 is the
data input into EnergyPlus.

This simulation uses a room temperature of 25°C and a
relative humidity of 60%, suitable for a tropical climate.
The number of people dramatically influences the room's
cooling load level. For most Indonesian people's activities,
the scheduling of people in residential buildings is always
filled with people 24 hours a day, so scheduling lighting
and other equipment is also used when people are
generally active in the morning®¥. Another thing that
significantly influences the cooling load in residential
buildings is the internal gain from people, lights/lighting,
equipment, and air infiltration that enters the room. In this
residential building, the data on equipment and lights
follows the minimum data for residential buildings
according to the Ministry of Public Works and Housing>>.
Table 2 gives the details the internal gain, and Table 3
details the electric devices used*?.

Table 1. Building Location Specification

Building Location
Name Jakarta-Halim Perdana Kusuma
Latitude -6.27°
Longitude 106.89°
Elevation 8 MASL
Table 2. Internal Gain
Zone One
Parameter Default Value
Occupancy schedule All Time
Power Schedule Lighting 5 am -9
pm
People 7

Sensible heat gain of People (W) 400

Latent heat gain of People (W) 350

Lighting load density (W) 150

Electric Equipment load density 880

W)
Infiltration flow (m?/s) 1.056
Table 3. Electric Devices
Electric Equipment
Name Water | Refrigerator Washing Rice
Pump Machine Cooker
Power | 250 W 150 W 180 W 300 W

The building details are taken from the minimum limit
of the Public Works and Public Housing Ministerial
Decree with a building area of 168m? with 8m length, 7m
width, and 3m height. Then, the building has two windows
measuring 2m x 1m. The glass design uses 2.5 mm thick
glass according to the template on EnergyPlus. There is
one door measuring 2m x Im. The door design uses
sengon wood material. The walls of the building use three
primary building materials, namely cement plaster, brick,
coconut oil PCM, and cement plaster. In order to provide
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visualization, a description of the placement of PCM in
the building and its structural layers are depicted Fig. 1

and detailed in Table 4°9. In this research, the PCM was

positioned adjacent to the internal surface of the wallboard,
as it represents the most optimized location for regulating
the room's temperature.

Coconut Oil PCM

Inside the Room

Plaster —

bricks

Fig. 1: Visualization of the wall structure incorporating the
PCM

Table 4. Construction applying PCM

Construction

Wall Floor Roof

Cement Plaster Concrete 150 mm | Concrete 150 mm

Brick 100 mm Insulation
Coconut Oil PCM Coconut Oil PCM
Cement Plaster Gypsum Board
Table 5. PCM Specification
Phase Change Material

Name Coconut Oil PCM
Roughness Rough
Thickness cm 10

Conductivity W/m.K 0.155
Density Kg/m? 916
Specific Heat J/kg K 1146

In the present investigation, the research methodology
incorporates the deployment of precise PCM
specifications derived from a comprehensive analysis
published in a scholarly journal’”. This study in the
referenced journal pertains to the use of Bio PCM to
enhance the building walls' performance thermally.

Notably, our focus centers on the specific Bio PCM
variant referred to as Bio PCM Coconut Oil, the detailed
specifications outlined in Table 5.

2.2 Artificial Neural Network (ANN) Modelling

ANN are computer models that duplicate the structure
and function of the human brain. They are composed of
linked nodes, known as neurons, which are responsible for
processing input. They are especially efficient for
applications that include extensive datasets, where
conventional statistical approaches may encounter
difficulties owing to nonlinearity and complexity.

The data used for ANN was obtained from energy plus.
A multilayer perceptron (MLP) configuration was utilized
by this study of the ANN model, which consists of
interconnected networks organized in a feed-forward
manner to optimize overall network performance. There
are three layers that compose the architecture, such as
input, hidden, and output layers. In an ANN, the input,
output, and hidden layers are essential components that
process and transform data. The input layer serves as the
entry point for raw data, receiving and passing it to the
next layer without performing complex computations.
Each node in the input layer corresponds to a single input
value from the external data source. Hidden layers, which
form the core processing units of the neural network,
extract features and patterns from the input data. These
layers consist of nodes connected to nodes in both
preceding and succeeding layers, and they use activation
functions such as sigmoid, tanh, or ReLU to transform the
data and learn complex relationships. The number of
hidden layers can vary, with more layers allowing for
more sophisticated transformations, though an excessive
number of layers can lead to overfitting. The output layer,
the final layer of the network, produces the ultimate
predictions or classifications based on the processed data
from the hidden layers. Each node in the output layer
receives inputs from the last hidden layer and generates
meaningful outputs for the user. A trial-and-error method
was used to determine the optimal number of neurons in
the hidden layer to improve the network's predictive
capabilities. For modeling purposes, the Levenberg-
Marquardt training technique, a widely used quasi-
Newton method, is employed as the primary algorithm
during the ANN training process. Compared to alternative
methods, this technique is favored for its quick and
accurate performance®®.

The ANN modeling process includes a cross-validation
hold-out technique in order to ensure robust generalization
and prevent overtraining. This involves categorizing the
dataset into training, validation, and testing subsets, with
80% allocated to training, 10% to cross-validation, and
10% to testing. It's crucial to emphasize that the random
partitioning of the dataset was conducted utilizing
MATLAB with the ANN toolbox*®.

During the ANN simulation phase, the decision on
architecture entails selecting either a single hidden layer
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or multiple hidden layers. Although, employing various
hidden layers is typically considered unnecessary for
simple cases. A trial-and-error process determines the
most suitable network architecture for predicting cooling
load and energy consumption in a residential building
incorporating PCM. For each configuration of hidden
neurons, the network error value is assessed, and the
architecture that exhibits the lowest error is chosen as the
optimal network configuration®®.

The input layer of the ANN encompasses two datasets:
outdoor temperature and outdoor relative humidity, while
the output layer includes cooling load and energy
consumption data obtained from EnergyPlus software.

3. Results & Discussion

3.1 Building Energy Use

The magnitude of energy consumption in buildings
equipped with PCM can be observed from the summary
data of EnergyPlus calculations, which can be determined
using the equations from the ASHRAE Handbook of
Fundamentals®?. Within the EnergyPlus software
calculation system, ASHRAE standards have been
employed as benchmarks, making this a validation point
for the EnergyPlus software itself.

Table 6 shows the results of the cooling load required by
a residential building with determined specifications,
where the results of the cooling load in a building that
already use PCM are 7768.62 Watts or 26490.99
BTU/hour. The air flow rate must meet 0.39 m*/s in order
to keep the temperature inside without cooling and heating.
This value will be compared with the cooling load in
buildings without PCM on the walls and roof.

Table 6. EnergyPlus results

Supply Air Fraction of
Flow Rate . . .
Nominal Nominal Supply Air
When No . .
. Heating Cooling Flow That
Cooling or . .
L Capacity Capacity Goes Through
Heating s (W) (W) the Controllin
Needed Zone £
(m3/s)
0.390323 1833.59 7768.62 1.00

Figure 2 shows that while the cooling load trends of
residential buildings with and without PCM are similar,
buildings with PCM exhibit a lower cooling load. The
daily reduction of the cooling load is 8.12%, while the
annual total cooling load reduction is 11%. This result
shows a good performance of coconut oil as PCM to
reduce the cooling load in residential building. The cooling
load reduction shows a similir result with a study from
Zhang et al. Which reported that utilizing parrafin as PCM
in residential building could reduce the average space-
cooling load by approximately 8.6%). The installation of
PCM can reduce the cooling load in residential building
due to their thermal energy storage capabilities. PCMs

immerse heat during high-temperature periods in the
daytime, consequently reducing the cooling load required
for air conditioning during peak hours*?. As seen in Fig. 3,
buildings utilizing PCM have lower energy consumption
values compared to those not using PCM. This reduction
is attributed to the lower cooling load requirements in
building utilizing PCM compared to the one without PCM.
From Fig. 3, the total daily energy consumption from
building utilizing PCM is reduced to 9.8% than the
building without PCM. A study conducted by Nelson
Soares, et al (2017), found the reduction of 5% - 8% of
cooling loads in residential bulding incooperates with
PCM-wallboads*). Another study by Punita Sangwan. et
al utilizing Microencapsulated PCM mixed with gypsum
in wallboards report that the cooling loads reduced by
7.6%*.

28000000 - Non PCM Cooling Load
PCM
26000000
5 24000000 4
o
@ 22000000 -
=
2 20000000 4
°
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O 18000000 4
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14000000 ~
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Time
Fig. 2: Comparitive Graphic of Cooling Load
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Fig. 3: Comparative Graphic of Total Energy Consumption
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Fig. 4: Comparative Indoor Relative Humidity with PCM
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Fig. 5: Summary of Daily Impact of Climatic Condition on
Energy Consumption utilizing PCM for a Residential Building

PCMs play a crucial role in building envelopes,
particularly in walls and windows, by reducing the overall
cooling load and minimizing energy consumption. By
storing thermal energy as latent heat during the phase
change process, PCMs can absorb and store excess heat,
reducing peak temperatures and maintaining stable thermal
comfort conditions within buildings. This capability allows
PCMs to delay and minimize heat transfer into buildings,
thereby maintaining comfortable indoor temperatures
without heavy reliance on air conditioning systems.
Consequently, the cooling load is reduced, leading to
significant energy savings. PCMs integrated into building
materials such as concrete, plaster, and wallboards enhance
thermal performance by storing and releasing thermal
energy, thus regulating indoor temperatures.

In tropical climates, the period from 09:00 to 17:00 sees
an upsurge in cooling load and energy consumption due to
a combination of factors. Firstly, the peak solar radiation
during these hours results in higher solar heat gain, where
sunlight penetrates buildings, elevating internal
temperatures and prompting cooling systems to operate

more intensely. Concurrently, daytime temperatures are
generally higher, necessitating increased cooling efforts.
The presence of occupants and heightened activities within
buildings add to the heat load, as people and electronic
devices generate additional warmth. Furthermore, the high
humidity levels characteristic of tropical regions requires
cooling systems to not only lower temperatures but also
dehumidify, further intensifying energy demands. The
building envelope, including walls and windows, also
absorbs heat from the external environment, contributing
to the overall cooling load. Addressing these challenges
using PCM is a good way to minimize the energy
consumption within the building.

Furthermore, one of the thermal comfort parameters that
also influences cooling capacity and energy consumption
is indoor relative humidity. The comparison of a residential
building which uses PCM and without PCM is presented
in Fig. 4. The graph demonstrates the effect of using PCM
on relative humidity levels in a residential building.
According to the ASHRAE 55-2017, thermal comfort
standard, maintaining relative humidity within a range of
30% to 60% is crucial for indoor comfort and health. In
building without PCM, the relative humidity exceeds 60%
for a significant portion of the day, particularly in the early
hours, which may lead to discomfort and potential health
issues like mold growth. Conversely, the building with
PCM shows a more controlled and stable relative humidity,
staying mostly within the 35% to 55% range. This
indicates that the PCM helps in maintaining conditions that
align more closely with the ASHRAE thermal comfort
standards, potentially enhancing indoor comfort and well-
being.

Figure 5 summarizes the parameters and results from the
EnergyPlus simulation. Figure 5 shows that the outdoor
Temperature rises from 08:00 to 16:00 up to around 35°C,
while the relative humidity decreases around those times
due to increasing outdoor temperature. Solar radiation also
reached a peak around those times that contributes to the
rising of outdoor temperature. From the Fig. 5, the indoor
temperature from 8:00 to 20:00 is at 25°C, which is the
comfortable temperature for human*). This shown the
effectiveness of utilizing PCM in residential building,
although Energy consumption also increased during those
times.

3.2 Artificial Neural Network (ANN)

This study employed an ANN comprising 2 input layers,
a hidden layer with 10 nodes, each containing 10 neurons,
and 2 output layers. A trial-and-error approach was
employed to determine the optimal design, and the
architecture with the highest coefficient of regression was
taken. The configuration of the developed ANN is
depicted in Fig. 6. The independent variables used in this
study are outdoor temperature and relative humidity,
which are part of climatic conditions. Basically, there are
four main variables that influence the cooling load and
energy consumption in a building, which include the
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building envelope, indoor variables, outdoor variables, in
this case climatic conditions, and the HVAC operating
system. Several studies state that cooling load predictions
must be carried out with outdoor variables because this
parameter is an indispensable input variable. Similar
studies have also been investigated by Arifin Zainal
(2004) used dry bulb temperature, relative humidity, solar
radiation and cloudiness conditions as parameters to
predict the cooling load and energy consumption using
General regression neural networks (GRNN)*¥. Another
study by Kadir Amasyali (2021) conducted the prediction
of cooling load and energy consumption using ANN with
input parameters of dry-bulb temperature, inter-quartile
range of dew-point temperature, window-to-floor ratio
(WFR), window-to-wall ratio (WWR), form factor
(volume/wall area)*®.

Then, Table 7 show the ANN network structure based
on the EnergyPlus simulation data. The data to be
simulated pertains to buildings that use PCM and without
PCM. Each configuration of the ANN layers is outlined in
Table 7.

@) o)

[ X1 Outdoor Temperature |~ Gz\ o)

51 @l Y1 Cooling
X2 Outdoor Relative i3 L8] |
Humidity \.,/ . ¥2 Energy
: 2) consampton

| — L
Input ‘Hidden Layer ‘
(10 Hidden Neuron)

Fig. 6: ANN Architecture

Output Layer Outputs

Table 7. ANN Layer Configuration from the result of

EnergyPlus with PCM
Layer Variable Value
Input Temperature Outdoor [°C] 23.75—-34.625
Relative Humidity Outdoor [%] 34.25-90

Hidden Total of Hidden Layer 10

Total of Hidden Neurons 9
Output Cooling Load [J] 0 — 28009404

Electric Equipment [W] 0—-2797.43

Then, after the configuration and network formation,
calculations are performed for each ANN structure,
resulting in regression outcomes for each predicted sample,
depicted in Fig. 7 and Fig. 8. From these figures, the total
regression values for PCM usage were obtained, namely
0.93, while for buildings without PCM, the regression
result was 0.89. These values were derived from the
average regression test, training, and validation results.
Therefore, it can be interpreted that the input and output
data used in the ANN calculations have a very strong
correlation for buildings using PCM based on Table 8. In
contrast, the correlation value is strong for buildings
without PCM but not as strong. The values obtained from
the input and output of the EnergyPlus software will first

be normalized within the range of -1 to 1. A value of -1
signifies the value of minimum, whereas 1 represents the
value of maximum. This step determines the correlation
between input and output values, thus generating
predictive values.

Table 8. Regression Correlation Value Amount

Correlation Value Explanation
0.90<r<1.000r-0.90 <r<-1.00 Very Strong
0.70<r<0.90 or -0.70 <r <-0.90 Strong
0.50 <r<0.70 or -0.50 <r<-0.70 Moderate
0.30<r<0.50 or -0.30 <r <-0.50 Weak
0.00<r<0.30 or -0.00 <r <-0.30 Very Weak

In Fig. 9, servable trends are depicted, demonstrating
the significant impact of PCM on cooling load and energy
consumption dynamics. An in-depth analysis of the
graphs reveals that PCM has a significant influence on
these parameters throughout the temporal progression of
the trends. A significant decrease in cooling load and
energy consumption is consistently seen at each specific
time point shown in Fig. 9 and Fig. 10. This research
confirms that the use of PCM leads to a recognizable and
advantageous effect, defined by a consistent improvement
in energy efficiency and lower cooling load. The findings
presented in this work contribute to the
scientific finding on the efficacy of PCM in enhancing
thermal management systems. This emphasizes the
practical benefits of PCM in reducing cooling needs and
lowering energy consumption.
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Fig. 7: Regression Correlation Value of ANN Calculation
Results on buildings without PCM
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model exhibits deviation from observed values, reflecting
potential limitations in its accuracy. While the regression
coefficient is 0.93, indicating a significant relationship,
the correlation between the variables is very strong. Figure
12 shows that the observations describe a congruence
between the trend values. However, disparities between
the prediction and simulation results graphs are evident.
Error trends persist at 17:00 on the first day and 09:00 on
the second day. This deviation is attributed to applying a
neural network fitting methodology for predictions.
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Fig. 13 and Fig. 14 depicted the histogram error of PCM
and Non-PCM, respectively. The error histogram
represents a distribution of differences between the target
values and the predictions following the feedforward
neural network training. These values of error represent the
disparities between predicted and intended target values.
From Fig. 13, the error from a residential building utilizing
PCM of each training, validation, and testing, the value
range is between -0.4 to 1.3, while in Fig. 14 shows that
the error value is greater because the distinct value between
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predictions and their output.

The detailed calculation of errors from the predicted
cooling load and energy consumption by the ANN is
summarized in Fig. 15-16 for each data category. From
these graphs, it is observed that the average error remains
below 5% as summarized in Table 9. An average error
below 5% suggests that the ANN model is quite accurate
in predicting the cooling load and energy consumption.
This level of accuracy is generally acceptable for practical
applications, indicating the model’s reliability. By
analyzing the error distribution, detailed information can
be understood how errors vary across different data points
and categories**¥. This can help identify any specific
patterns or anomalies in the predictions.

From ANN modelling, it was found that the prediction
has a very strong bond with the EnergyPlus data. However,
this ANN method has some limitations such as “black box”
nature, where the lack of transparency in the decision-
making process can complicate the validation process*?.
The other limitation is the ANN modelling is dependent on
the input data parameter; therefore, it requires a lot of data
as an input, and bias in the input data can affect the
prediction result significantly*”. While
overparameterization can lead to increased prediction error
variance, making it challenging to derive reliable
predictions*®).
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Table 9. Average Error Evaluation Across Testing, Validation,
and Training Phases of the ANN

Objective Average Error
Cooling Load 3.32%
Energy Consumption 2.24%

Table 10. Correlation Value between input data and output data

Correlation Value
No Energy Rank | Cooling Rank
Consumption Loads
Temper 0.77 1 0.72 1
ature

Outdoor

RH -0.71 2 -0.66 2
Outdoor

Additionally, Pearson's correlation can be used to
determine the strength of the relationship between
variables. Typically, this term refers to a statistical metric
that quantifies the intensity and direction of a linear
relationship between two variables. In this scenario, the
comparison would be made between the projected energy
use as predicted by the ANN model and the actual energy
consumption that has been observed. This helps identify
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which input data has the most significant impact on the
output value. Correlation values are measured on a scale
from -1 to 1, with -1 and 1 having the strongest influence.
A positive value indicates a positive correlation trend, and
vice versa. Table 10 shows the results of Pearson's
correlation calculations. The outcomes of Pearson's
correlation computations have been systematically ordered
in Table 10. From this table, the outdoor temperature
variable has a good correlation value, reaching to 0.77.
This value indicates that the ANN model used has a good
level of reliability, although it should be more improved,
such as optimizing model parameters or improving the
quality of data used for training the model. Similarly, the
outdoor relative humidity variable also shows a significant
relationship, but with a negative correlation. It means that
when relative humidity is at its maximum, the cooling load
and the energy consumption will decrease.

The strong positive correlation between outdoor
temperature and both energy consumption and cooling
loads can be attributed to the increased demand for cooling
as temperatures rise. When the outdoor temperature is
higher, indoor spaces tend to warm up more quickly due to
heat transfer from the environment. To maintain a
comfortable indoor temperature, HVAC systems must
work harder and for longer periods to cool the space, which
results in higher energy consumption. This is because the
greater the difference between indoor and outdoor
temperatures, the more energy the system needs to expend
to remove the excess heat and maintain the desired indoor
conditions. Consequently, the cooling load, which
represents the amount of cooling required to maintain a
specific indoor temperature, also increases with rising
outdoor temperatures, leading to a strong positive
correlation.

On the other hand, the negative correlation between
outdoor relative humidity (RH) and both energy
consumption and cooling loads can be explained by the
different way humidity affects the cooling process. When
outdoor humidity levels are high, the air contains more
moisture, and HVAC systems must remove this moisture
to maintain comfortable indoor conditions. Although this
process requires energy, high humidity can make the air
feel cooler, which may reduce the overall need for cooling.
In other words, even though the HVAC system is working
to remove humidity, it might not need to cool the air as
much as it would in dry, hot conditions. This can lead to
lower energy consumption and reduced cooling loads in
high humidity environments, which is why a negative
correlation is observed. In summary, outdoor temperature
has a direct and strong impact on energy consumption and
cooling loads, driving them higher as temperatures rise. In
contrast, outdoor relative humidity can have a more
complex effect, potentially reducing the need for cooling
and thereby lowering energy consumption and cooling
loads, resulting in the observed negative correlation.

4. Conclusion

Based on the research conducted in designing and
conceptualizing a residential building which is integrated
with PCM as the the thermal storage in Indonesia using the
EnergyPlus and ANN, the following conclusions can be
drawn:

» The average of cooling load values in a residential
building was found to be 26490.99 BTU/h. Coconut oil
has demonstrated considerable potential as a PCM for
thermal energy storage in residential buildings,
primarily due to its ability to significantly reduce
energy consumption to 9.8%. The PCM effectively
lowers the peak loads, which can result in significant
energy savings and potentially reduced operational
costs for cooling. The use of PCM in the a residential
building has successfully provided thermal comfort by
maintaining a stable internal temperature during peak
hours. The inherent properties of coconut oil allow it to
absorb and release heat effectively, which can stabilize
indoor temperatures and reduce the reliance on
conventional heating and cooling systems.

» The tool of energy simulation in buildings that are
commonly used, such as EnergyPlus, which require
more input data and are quite time consuming, can be
replaced with artificial intelligent techniques in the
future. The ANN model discussed in this research is
sufficient enough to predict the cooling load and the
energy consumption with the only inputs are outdoor
temperature and relative humidity.The average error
obtained for predicting cooling load and energy
consumption is less than 5%, indicating that ANN is an
appropriate tool for predicting energy consumption and
cooling load, especially during peak hours, so that
energy management can be carried out by residents to
achieve cost and energy savings.

* PCMs represent a promising technology for reducing
cooling loads and minimizing energy consumption in
buildings. They provide an effective passive strategy
for maintaining thermal comfort and improving energy
efficiency through their integration into building
envelopes.
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