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This research focuses on the development of a machine learning model for predicting the water
volume that needs to be chilled in Thermal-Energy-Storage-Air-Conditioning (TES-AC) systems.
TES-AC technology uses thermal energy storage tanks to store and distribute chilled water during
peak hours, reducing the need for the continuous operation of chillers and resulting in significant
cost savings and a reduction in carbon emissions. However, determining the optimal amount of
chilled water to generate and store each day can be challenging. The aim of this research is to
design a machine learning model that takes input variables about the next day’s weather, which
day of the week it is, and occupancy data and outputs a predicted water volume that needs to be
chilled. It utilizes a Multilayer Perceptron for charging water load prediction in TES-AC systems to
assist facility managers in making informed decisions minimizing disruptions. By fine-tuning the
hyperparameters of the deep learning model and evaluating different metrics, the model was
trained sufficiently and optimized. The model provides a specific water range as a target output,
giving facility managers a small set of ranges to choose from, minimizing errors, while the ac-
curacy achieved was 93.4%. The developed model can be retrained for other TES-AC plants,
without requiring specific sensor input that might not be available in different TES-AC systems.
That makes the developed solution more flexible and can encourage more stakeholders to use
TES-ACs which in turn would lead to greener buildings that would benefit the environment.

1. Introduction

The climate crisis has become a concern with global warming being evident across the world. With heat waves, more humidity, and

extreme temperatures being felt, the usage of Air-Conditioner (AC) has become a necessity rather than an amenity [1]. Generally, a
conventional AC functions by giving a desirable temperature for the indoor space by conditioning the air and releasing the unwanted
heat and humidity outdoors. In this process, a conventional AC also emits lots of greenhouse gases and as such contributing negatively
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to the environment. By constantly releasing the unwanted heat to the outdoors, an urban heat island effect is created which causes an
increase of more undesirable weather conditions [2]. For much-needed environment-friendly and sustainable technology,
Thermal-Energy-Storage Air-Conditioner (TES-AC) systems are being focused on (A [3-5]. A TES-AC system functions by simply
transferring the charging load from on-peak to off-peak hours, reducing building energy consumption besides reducing greenhouse gas
emissions [6,7].

Moreso, a TES-AC system stores thermal energy in the form of chilled water at night-time to cool the building the next day without
dispersing unwanted heat and humidity outdoors as it constantly circulates the stored energy within its system [8,9]. The responsible
entities for managing and maintaining this facility are facility managers who ensure the daily operations in a building go smoothly and
minimize disruptions. However, the Facility Management and Maintenance (FMM) task for a TES-AC system is essentially complicated
as an incorrect charging load can increase the building energy consumption when facility managers are required to charge during
on-peak hours. Hence, predicting charging load to allow facility managers to prepare in advance during off-peak hours will be a useful
contribution to the FMM and the environment with an increased shift to sustainable TES-AC systems. With a proper predictive
maintenance with deep learning, facility managers will be more inclined to the shift towards sustainable technology as it will not cause
occupancy discomfort or building management costs to increase [10].

Facility Management is the costliest phase of a building lifecycle in the Building Information Modeling (BIM) methodology, as after
the construction of a building is completed, it requires monitoring, operations, and maintenance [11,12]. By integrating the appro-
priate management type for FMM, building management costs can be reduced, and satisfaction for both facility managers, and oc-
cupants can be increased. According to Industry 4.0, digital technologies are being implemented to improve the building lifecycle
management [13,14]. As Deep Learning, a subset of Machine Learning within the Artificial Intelligence domain, is known for its
prediction capability in identifying complex patterns by utilizing the deep layers of its models, it is suitable for charging water load
prediction of a TES-AC [15,16].

TES-AC falls under the Heating, Ventilation, and Air-Conditioning (HVAC) of building facilities and deep learning can also be useful
in FMM of HVAC components including an increased occupancy satisfaction. However, not much research has focused on utilizing
deep learning techniques for predictive maintenance of HVAC though it can be a powerful tool [17]. Recently, a research study
demonstrated that external weather factors and the number of occupants at a building at a certain time has an impact in the water
consumption of TES-AC systems [18]. It is important to consider the external factors impacting the water consumption as this can affect
the charging water load prediction. Hence, this research focuses on using deep learning techniques to predict the charging water load
required for TES-AC systems solely depending on the external factors of weather, which day of the week it is, if that day is a holiday,
and occupancy. Previously research studies have focused on predicting energy consumption of Thermal-Energy-Storage Air--
Conditioners (TES-ACs) with deep learning, but importance was not given to the crucial prediction of charging water load [19-22]. As
in a study by Ref. [17] comparing various Machine Learning Algorithms, Multilayer Perceptron (MLP) has shown satisfactory results
for prediction of features similar to charging water load prediction, this research focuses on utilizing MLP.

The aim of this research is to predict the charging water load for TES-AC systems with MLP based on external factors such as
weather data, occupancy number, and the days of the week. Besides, by simply considering the external factors and without the
requirement of additional sensors, more facility managers may be inclined to benefit from the optimized TES-AC system with deep
learning. For this research, data was collected from a commercial building for the charging water load, and occupancy concerning the
type of day, and weather related to the commercial building. The facility managers of a commercial building have a complicated task of
charging water load prediction and maintaining occupancy comfort besides not raising the management costs which is one of the key
motivations for this research. The solution is intended to be useful for facility managers in making decisions regarding FMM of TES-AC,
as to ensure low building energy consumption and management costs. Through an extensive study, a deep learning technique is
suggested with satisfactory prediction of charging water load only based on external factors.

By removing the reliance on data that comes from specific sensors in specific TES-AC plants it is possible to apply this research in
other TES-AC plants and train new models that can predict the water charging load needed for the next day. Furthermore, by
demonstrating how variables like weather provide acceptable prediction results, this work can be adopted and used on TES-AC plants
in different weather conditions.

The research questions are as follows.

RQ1: How to fine tune the hyperparameters for the MLP predicting charging the water load of the TES-AC system?

RQ2: What are the best methods to evaluate the performance of the developed MLP models?

The following objectives were carried out to address the above research questions:

RO1: To implement agrid search algorithm to determine the best hyperparameters for the MLP in predicting charging water load of
the TES-AC system.

RO2: To implement and compare different evaluation metrics for the prediction.

2. Literature review

2.1. Overview of multilayer perceptron (MLP)

Deep Learning is a field that encompasses neural networks with many layers that allow the deep neural network to learn from large
amounts of data with improved accuracy [23,24]. The additional layers of the neural network make the neural network deep as well as
optimize and refine the prediction accuracy in big data i.e., large amounts of data [25,26]. The Multilayer Perceptron (MLP) is a deep
learning method which was first introduced in 1958 by Frank [27] where the basic structure consists of an input layer, hidden layer(s),
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and an output layer. Being a type of feedforward neural network, the neurons in an MLP are typically trained with the backpropagation
algorithm. The input layer processes the input signal, an arbitrary number of hidden layers are placed in between the input and output
layer, and then the output layer carries out the required task such as the prediction [28]. MLP is one of the most common neural
networks and is used in various disciplines for both classification and regression problems due to its architecture [29,30].

The reason why MLP falls under a feedforward architecture is because the inputs are combined with initial weights in a weighted
sum and then subjected to the activation function and each neuron output is then propagated forward to the next layer. This way, every
layer is feeding the next layer with the result of their computation which is their internal representation of the data, and this process is
carried out through the hidden layers to the output layer. Backpropagation is implemented to iteratively adjust the weights in the
network to minimize the loss or error. The activation function that is applied to the weighted sum needs to be differentiable, which is a
hard requirement of the backpropagation algorithm. Such functions e.g., Rectified Linear Unit (ReLU) need to have a bounded de-
rivative as Gradient Descent is the optimization function for MLPs normally. During each iteration, after the weighted sums have been
forwarded through all layers with their activation functions, the gradient of the Mean Squared Error (MSE), for example, is calculated
across all input-output pairs. Then during backpropagation, the weights of all hidden layers get updated according to the gradients
computed for a particular mini-batch. This process continues until one or more convergence criteria are met (e.g. maximum number of
epochs reached or validation error stagnation).

Examples of activation functions for the hidden layers include the Identity, Logistic, Tanh and ReLU functions [31,32]. The acti-
vation function, ReLU has been widely adopted because of its enhanced optimization, with Stochastic Gradient Descent, improved
efficiency in computation, and its scale-invariance [33].

The four types of activation functions are as follows.

. Identity: no-op activation, useful for linear bottleneck, has the formula, f(x) = x.
. Logistic: the logistic sigmoid function, has the formula, f(x) = 1/(1 + exp(-x)).

. Tanh: the hyperbolic tan function, has the formula, f(x) = tanh(x).

. ReLU: the rectified linear unit function, has the formula, f(x) = max(0, x).

A WN =

Mathematically, even one hidden layered MLP model is able to predict the mapping of any continuous function [34]. For all neural
networks, the input vector’s dimension determines the number of neurons in the input layer, whereas the number of neurons in the
outer layer depends on the classes to be learned. Through experimentation (or neural architecture search, or hyperparameter tuning, or
meta-learning, or other approaches), the choice of the number of hidden layers is determined along with the number of neurons in each
hidden layer. Determining the number of neurons is crucial because it can compromise the model’s efficacy as too many neurons can
result in overfitting, and too few neurons can lead to underfitting. While selecting the training dataset, it needs to be noted that a
training set typically requires a rich and balanced representation of all classes for a proper generalization to occur. During training,
input vectors are in a random order to ensure the model achieves global learning and does not lead to biased outputs due to
class-selective learning. Multilayer Perceptrons (MLPs) can be trained to implement any given nonlinear input-output mapping and in
the resulting testing phase, MLPs prove their ability in interpolation by generalization even in data sparse regions [34].

The Perceptron is recognized as an algorithm, and essentially gets its name from imitating the human-like function of perception.
Rosenblatt’s perceptron machine (1958) depended on a fundamental unit of computation, the neuron, and inputs in the input layer are
connected in a weighted sum. When the weighted sum surpasses a pre-determined threshold, the neuron generates an output. Learning
in MLPs requires adjusting the weights of constituent perceptrons to yield low error on the training data which is normally carried out
with the backpropagation algorithm as it tries to minimize the loss function (e.g. Mean Squared Error (MSE)) though other algorithms
can be used for this purpose as well [35]. Various techniques can be implemented to handle overfitting of the training data which often
happens when models are too complex and exhibit low predictive performance due to modeling random error or noise in the training
data. Generally, to avoid this overfitting issue, a higher error on the training data can be allowed and a large variety of regularization
methods can be adopted [33].

2.2. Research studies utilizing Multilayer Perceptrons in facility management

Some of the common practical use cases of MLPs are pattern classification, recognition, prediction, and similarity estimation [17].
Deep learning has been used in various instances for construction project management, and also in the Facility Management of the
Building Lifecycle Management phase in improving occupancy satisfaction, occupancy comport, building efficiency, and maintenance
costs.

MLPs were also utilized for predicting construction project duration with a time-cost predictive model and obtained better accuracy
compared to linear regression with data that involved information of contracted and real time of construction and contracted and real
price of construction [36].

Reliable prediction methods are necessary to be implemented for optimal energy management to deal with uncertainties in gen-
eration and demand, especially for electric energy systems [37]. present a load forecasting model for electrical consumption of a
medical clinic with an MLP where the inputs consisted of loads, data concerning the type of day (e.g. weekday/holiday), time of the
day and weather data as an innovative technique that can be easily implemented into Building Automation System (BAS).

As HVAC contributes to high energy consumption within corporate buildings, constant monitoring is required so energy efficiency
or occupancy satisfaction is not compromised. A simple optimized HVAC system with Internet-of-Things (IoT) is suggested for
automating HVAC with demand response [38]. The thermal parameters from the sensors and occupancy feedback are collected for
real-time processing in the distributed cloud environment and MLP was used for the predictive model of time-series forecasting and
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Mixed Integer Linear Programming (MILP) problem was used for optimizing the HVAC control [38]. The results from the research by
Ref. [38] showed 20%-40% reduction in energy consumption while maintaining thermal comfort of occupants, consistently proving
MLP to be an optimal choice for prediction.

Occupancy satisfaction is a crucial goal for facility managers and one way to reduce the dissatisfaction of occupants is with an
efficient facility management capable of addressing maintenance issues and planning for them in advance. Thermal discomfort is a
major part of occupancy dissatisfaction in indoor environments and has been one of the most common complaints that require
attention and addressing in buildings [39]. To address this [39] proposed a predictive maintenance strategy with MLP to analyse and
then predict the number of thermal complaints for the upcoming week to allow facility managers in allocating resources to handle such
complaints thereby improving occupancy satisfaction and building performance.

Energy consumption is not only related to building management costs but also to different types of environmental problems and
emphasises on implementing deep learning for building energy consumption prediction to improve decision-making in decreasing
energy usage [40]. Not much research has been dedicated to exploring building energy consumption prediction at the construction
phase, though predicting energy usage by utilizing deep learning with input key features of a building design before construction can
decrease the construction of non-environment-friendly buildings [40].

For classification problems, MLP is being widely used and the research conducted by Zhao et al. [41] achieved an accuracy of 82%
in classifying rooms into nine different types for Two-Dimensional (2D) residential building plans. Generally, the prediction accuracy
in automatic room classification is low when a 2D plan has insufficient details with missing attributes such as furniture information
[41]. This shows that MLPs can still give satisfactory results in contexts with insufficient information. The literature review section
demonstrates that MLPs are a viable choice for this research study, whilst covering broader ground which includes various other MLP
applications in facility management. With appropriate design of the hidden layers, an efficient MLP model can be developed, and
hence, this research utilizes MLPs for charging load prediction with external factors only.

3. Materials and methods

3.1. Research design overview

This research includes many typical steps that are required to solve complex machine learning problems. The objective is to predict
the water charge load required to be chilled at night during off-peak hours so it can be discharged to the building during the day. The
application is quite crucial, and predictions need to provide an adequate amount of accuracy, or the model will not be useful. The TES-
AC used in this study uses a water-cooled chiller which is a part of an HVAC system for a commercial building. It includes twenty heat
storage tanks and dissipates heat from the coolant using a plate heat exchanger. The heat gets out of the building using cooling water
placed on the rooftop. The rest of the TES-AC plant is placed in the basement for bigger space and reduce heat loss. During building
operation, chilled water travels from the heat storage tanks through pipes around the buildings and at each air vent there are fans that
push air and release cool air into the environment. Warm water then travels back to the storage tanks where it is stored for cooling
during the charging period.

Currently the facility managers in the TES-AC plant use their expertise to determine the water volume to be charged for the next
day. They have sensors in the water tanks that read the water volume every 15 min and using a fixed schedule they check on the
remaining water volume and therefore decide if they need extra water to be chilled using the chiller during operating hours.

Every TES-AC system might be different to some extent and each one might have different sensor types and data, so in order to
generalize the solution more, none of the sensor data from the TES-AC were used. The model developed only relied on external data
that can be retrieved by anyone. The data used to make the predictions consisted of the weather data based on the location of the
building the TES-AC is used in, the data informing which day of the week it is and whether that day is a weekend or a public holiday,
and finally the occupancy data.

Occupancy data were available for the historical data used to train the model, however, the occupancy in the future is not known.
Therefore, this approach does not predict the water charge directly, as it needs to predict the occupancy before it can feed that
prediction as an input to predict the water charge. While using a predicted value for the input of the main prediction might be making
the problem more complicated, after thorough experimentation with the model and different parameters, it was noticed that the model
was making better predictions if the occupancy data was included and therefore a second model to predict occupancy for the next day
was also developed.

3.1.1. Data extraction

However, before discussing the details of the developed models and their designs and their results, the data has to be discussed. The
TES-AC data provided for this research was from the company that owns the TES-AC, and the data was given in its raw format straight
from the system in the form of a Microsoft Access database file. The data was then converted to comma separated files (CSV) for ease of
usage and to allow manipulation with Python.

The data was analyzed carefully to understand the different types of data available and to understand which data was being
collected. The main target was on the water data to understand how much water the TES-AC was chilling every day as that is the main
focus. The TES-AC consisted of twenty water tanks, each of the same size and material and completely identical in every aspect.
However, not all the tanks are used at the same time and the technical staff managing the TES-AC change the usage according to their
needs. The data included sensor data indicating the water volume in each tank for a given time. The data was recorded every 15 min
and stored accordingly.

Before working on extracting the data however, it needed to be preprocessed and cleared of issues. It is very unlikely for a dataset
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collected from sensors to not have problematic instances in it. Using the wide array of data manipulation libraries in Python like
NumPy and Pandas the bad data were removed from the dataset. This included removing the data that did not have values or had
wrong data types instead of actual numbers. Despite this step removing some of the data from the dataset, it was necessary and crucial.

The next step was to calculate how much water the TES-AC was using every day and to do so it was important to understand how
the staff was using the chiller on a daily basis. As per information acquired directly from the company, the chiller runs for 2 h every day
during the off-peak hours early in the morning before the occupants arrive and when the electricity is cheaper than usual. During those
2 h the chiller will cool a certain volume of water and store it in some of the tanks. During the rest of the day the chilled water will be
dispersed throughout the building and the heated water coming back from the building enters the tanks once more. If there is not
enough chilled water in the tanks to last the day, the staff are forced to use the chiller again during standard working hours when the
electricity demand is higher, raising their costs.

Given this context, it can be deduced that the water volume will increase in the water tanks if new chilled water is entering into it or
returned heater water. On the other hand, when water volume does decrease it is because water is being sent to the chiller to either cool
or disperse to the building. It is to be noted that this research ignored the fact that a small amount of water might be decreasing due to
natural evaporation and assumed all water lost is due to either of the above cases. This TES-AC is well insulated and natural evapo-
ration is very minimal and the water mostly gets recycled.

To calculate the water that is being chilled every day and used, code was written to calculate the amount of water that decreases the
water volume reading for the sensor. This was assumed as water being sent to the building as chilled water; therefore, it was water that
needed to be chilled. In the situations where the staff did not add enough chilled water in the tanks and the chiller gets used, the new
chilled water does not return to the tanks but is sent directly from the chiller to the building.

Therefore, in those situations the chiller would decrease the water in the tanks to chill the returned heated water and send it again
to the building, making it safe to assume that whenever the water volume in the tanks decreases, it is because this water is being chilled
for usage and that makes it count towards the water volume used every day. This calculation only ran on the 22 h where the main
charging load is not happening, to ignore the initial charged load volume as it will interfere with the values. For example, if the initial
water volume is also calculated, it will be calculated twice as it is discharged during the day. Another issue arises if that water volume
discharged was not fully used. By only calculating the amount of water that leaves the tanks during the other 22 h it can be calculated
in a more accurate way and a more precise value can be used. This was the best way to know the amount of water used as the chiller did
not have any specific sensors to measure how much water it chills. This calculation ran for each day and each tank, and the final data
extracted included the date and the total amount of water used for that day.

3.1.2. Weather data extraction

The weather data was retrieved for the specific location of the TES-AC is using open-source weather data available online. Python
was again used for this task and the BeautifulSoup library was used to scrape a weather website for the historical weather data with the
same date range of the data from the TES-AC. After the data was extracted both the water level data and the weather data were merged
into one dataset. Out of the different weather metrics extracted, temperature, humidity, and atmospheric pressure were used.

The method to retrieve the weather for the next day is slightly different, however. Using an open-source weather website an API key
is generated which is then used to make a GET request to the website to retrieve the weather information for the next day. The request
returns a JSON output which is then parsed, and the needed information is extracted accordingly. This occurs every time a new
prediction for the next day is required.

3.1.3. Days & holidays data extraction

Extracting the days of the week and public holidays was easier than the weather data. Python contains a datetime library and a
calendar library that makes it easy and possible to determine what a specific date is. That data was added to the dataset and then the
holidays library was used to retrieve the information if a specific date was a public holiday or not.

3.1.4. Merging data with occupancy

All of the data including water used per day, weather temperature, humidity, atmospheric pressure, name of the day, and whether
that day was a public holiday or not were all merged together based on the date as that was the common factor. In doing so, any records
that did not have the same date were removed from the dataset. The occupancy data was provided separately and simply included the
date and the approximate number of people that were in the building for that day. The final dataset was then saved separately and
ready for further preprocessing.

3.1.5. Preprocessing

The first step was to remove any empty values in the dataset which was done earlier. However, the step was repeated again after the
rest of the data was added. The next step was to remove outlier values as they can negatively impact the training process. By checking
some of the maximum and minimum values of the data it was apparent that there were a few outlier values that did not make much
sense in relationship with the rest of the data. These values might be due to sensor reading errors or machine faults. They are
significantly fewer in number but will impact on the overall training process. A general rule of thumb was used to remove those outlier
values by keeping only the values that were less than or equal to the mean value added to the standard deviation multiplied by three.

To further improve the dataset a one-hot encoding representation was used on the days of the week data, replacing strings cor-
responding to week names by a binary vector of zeros with a single element set to 1, which indicates the day of the week based on its
position. This step can help in the training process and make it faster to train a more complex model. Furthermore, label encoding was
used on the public holiday data to represent a day with a one if it is a public holiday and a zero if it is not. The weather data that was
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Fig. 1. Flow Chart outlining the Process of Data Gathering.
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extracted had unit strings attached to it and therefore those strings were split to keep only the numbers and store them as appropriate
floating numbers.

The following preprocessing step only took place after experimentation with the water volume data and trying to solve it as a
regression problem by predicting a specific water volume to be charged. However, this method was not very effective and did not make
much sense as predicting an exact water volume is not very realistic. Instead, providing a water volume range is more realistic and
provides the staff with a close range so that using their expertise they can determine the exact figure. This process would also make
prediction easier as the model needs to predict a range rather than an exact number. To do this however, the problem needed to be
converted to a classification problem rather than a regression problem and that required labels.

The water volume was labelled according to their values and split into seven unique labels, each indicating the water volume range.
The labels started from Low_1 having the least water volume range and increased to Low_2 and Low_3. After that, Mid_1 was used and
so on. After three variations of Low, Mid, and High there was one label for any water volume above those ranges and that was labelled
ExtraHigh. By checking the water volume number in each row, the proper label was added, and the data was finalized. The final data
was scaled using the min-max scaler to keep it uniform and easier to train.

3.1.6. Research process diagram

Fig. 1 shows a simple flowchart indicating the process through which the final data was gathered. Starting from raw sensor values
that get converted to CSV files, to calculating the water used every day from those sensor readings, Python is then used to scrape the
required weather data and Python libraries are used to calculate the day of the week based on date and whether a date is a public
holiday or not. This is all merged and then preprocessing takes effect where outliers also get removed. Finally, the preprocessed data is
merged with the sensor data to create the final dataset.

3.2. Materials

This research used certain development tools to design neural networks and to test and evaluate them. These are widely used tools
used by industry experts and researchers alike. The research used Python for all the coding work required and that included the use of
certain Python libraries namely.

e Pandas

e NumPy
BeautifulSoup
Datetime
Holidays
Matplotlib

e Scikit-learn

As for the development environment a Jupyter notebook environment provided by Kaggle was used to train and evaluate the
models. The reason behind this is because Kaggle can run multiple environments at the same time which allows for concurrent runs to
test different hyperparameters. The range of hyperparameters to test was large and it would have taken more than 12 h to conduct the
hyperparameter search if tested sequentially. Therefore, the ranges were split into different environments and run concurrently, since
Kaggle does not allow a single instance to run for more than 12 h. Kaggle made this process much faster and efficient than running the
code on a local environment.

3.3. Research methodology

3.3.1. General approach

Every Machine Learning problem is unique and has different requirements and therefore the solutions might vary and by extension
the approach. However, for this research the general approach was to rely on external data only that are generally available anywhere
and not rely on the specific sensors coming from the TES-AC. The main reason behind this is to allow this research to have a higher
reproducibility chance and to make the solution more general and more applicable elsewhere. Relying on specific sensor data coming
from the TES-AC would only allow similar TES-AC models to apply this solution. Regardless, sensor data from the TES-AC are
applicable to predict maintenance related values that might be useful to predict machine component failure, or anomaly detection in
sensor readings. Regarding the water volume that will be required to chill and get used by the building for the next day, external factors
are important. The external weather affecting the surrounding environment of the building might have an impact on how hard the TES-
AC has to work that day to maintain optimal indoor temperatures. This research focuses on a TES-AC that is used to cool an office
building with a small shopping complex occupying the lower grounds. The occupancy changes based on which day of the week it is and
whether it is public holiday or not. Therefore, knowing which day of the week it is, and whether that day is a public holiday or not and
finally the occupancy number are all crucial for this research.

Finding a suitable and reliable model based on these factors is not an easy task and the model would need to discover a complex
pattern to produce reliable predictions. Neural networks have been proven to find complex patterns that other linear machine learning
models do not discover. Multi-layer perceptron models are a good choice for this type of problem. In preliminary stages of this
research, when the problem was to predict an exact water volume, a Multilayer perceptron regressor was used as the model of choice,
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however, that was eventually replaced with a Multilayer perceptron classifier after the problem was re-defined as a classification
problem.

Linear machine learning models and kernel methods have also been tested briefly on the data, but their results were not satisfactory
despite their training time being very short and fast to test. The pattern between the input data and the output is not very straight-
forward and therefore a deep learning neural network model is more appropriate in this case.

3.3.2. Dataset imbalance and oversampling

The dataset contained 10 labels, of which 3 of them occupied 79% of the dataset while the remaining 7 labels occupied only 21% of
the dataset. This indicated an imbalanced dataset that would result in the model mostly favoring predictions to the more dominant
labels. To overcome this issue an oversampling approach was taken. Oversampling is a common technique used when there are labels
or classes that are a minority but predicting them is important and they cannot be overlooked. The approach essentially duplicates
examples of the minority labels in the dataset to make them occur more frequently without compromising the integrity of the data.

Prior to oversampling the data, 15% of the dataset was randomly removed to represent the test set on which the data would be
finally evaluated on. The remaining dataset was resampled to increase the instances of the minority labels before the training process.

3.3.3. Model configuration

A very important part of any machine learning model is the configuration of the hyperparameters. Hyperparameters differ based on
the chosen algorithm and in the case of this research the MLP classifier implemented in the widely used machine learning library scikit-
learn was used. The details of how the algorithm works and an in-depth discussion of each hyperparameter both fall outside the scope
of this work, and therefore will not be elaborated upon further. This research develops a deep learning MLP classifier that provides
decent predictions to the water charging load in a TES-AC and evaluates how these predictions could be useful for facility managers
using TES-ACs.

There were 5 main hyperparameters that were fine-tuned until acceptable predictions were accomplished. Those were the
maximum number of iterations that the solver would run before it would stop. However, if convergence occurred before that, the
model would stop training. The hidden layer size is another hyperparameter that was focused on, and it is one of the most important
hyperparameters to be fine-tuned in any neural network. However, finding the optimal hidden layer size is extremely tricky and time
consuming.

The three other hyperparameters were the activation function for the hidden layer, the solver type and finally the alpha value. To
avoid manually changing the value of the hyperparameters and training the models separately, which would be very time-consuming,
a grid search was used instead. A grid search takes in a range of values for each hyperparameter and trains the model several times with
all the different combinations from the list provided and returns the best hyperparameters found using a scoring metric specified.

In an effort to come up with the best parameters a wide range of values were given for each hyperparameter. The maximum
iteration number was set to 60,000 to give enough time for complex networks to converge. The hidden layer sizes were given a range
starting from (2,1) till (300,1) indicating 2 units in just one layer to 300 units in one layer. Moreover, two hidden layers with 2
units—300 units were also tested, denoted by hidden layer sizes (2,2) to (300,2). All three different solvers were tried including the
adam solver, sgd and the 1bfgs solver. The activation function had 4 different variations, which were all tested including the Identity,
Logistic, Tanh and Relu functions. Finally, the given range was used for the alpha value or learning rate (0.1,0.32,1.0,1e-3,1e-4,1e-
5,1e-6,1e-7,1e-8,1e-9,1e-10).

The scoring metric used for the search evaluation was the weighted precision and 4 cross validations were used for each combi-
nation of parameters. The training process was extremely long, and the best parameters were noted down for further usage. Finally,
after the grid search found the best parameters, these were used as the final hyperparameters for each model. The best parameters were
a hidden layer size consisting of a single layer of 250 units, the tanh activation function, a learning rate of 0.01 and the LBFGS solver.

3.3.4. Occupancy Detection model

To train the water charge load models, occupancy was used as one of the features during the training process. However, unlike the
other features it is not possible to get the value for the next day until the day has already passed. All the weather features can be
obtained from a public API and the day features are easily obtainable since the names of the days or the public holidays will not change.
Occupancy on the other hand needs to be predicted first for every new day. Similarly, a machine model needs to be developed to
predict the occupancy.

The features used for this model were the same as the water charging load model with the exclusion of the water volume data.
Therefore, to train the model the features included the weather data, the days data and the previous occupancy data to compare
against. This was modelled as a regression problem to predict the number of occupants for the next day. The same preprocessing of data
was applied to the data of this model and the same min-max scaling technique was used.

Following the same model tuning method used for the other two models, the grid search algorithm was used to determine the best
parameters from a list of values given. The same range of values was used except for the hidden layer size where the maximum
increased to (500,1) and (500,2) respectively. The maximum iterations were also set to 20,000 runs. After the grid search was
completed, the best parameters consisted of a hidden layer size consisting of a single layer of 310 units, the LBFGS solver, and a
learning rate of le-5.
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4. Results

4.1. Water charging load models

We first evaluate the model predicting the water charging load for the next day. When evaluating any classification model there are
several metrics that could be considered, and it usually depends on the problem. Precision is calculated by dividing the number of true
positives (TP) with the total number of TP and false positives (FP). Recall is calculated by dividing the TP with the total of TP and false
negatives (FN). Each one of these metrics might be more useful than the other depending on the scenario, however, the model was
evaluated using a combination of both precision and recall known as the f1-score. The f1-score considers both precision and recall and
is a good metric to evaluate a classification model on.

There are 2 typical versions of the fl-score in this multi-class context, depending on the averaging technique used. The simple
average simply sums all of the f1-scores (one for each label) and divides this by the number of labels, without considering how many
occurrences of each label there are. This method of averaging is called the macro-average value. A better way to calculate the average
fl-score would be to consider the weight of each label which is called the support value. The more a label occurs in the data the higher
support value it gets, and the weighted average considers the weight of each label to provide more reliable evaluations.

The evaluation metrics of the model can be seen in Table I. The model scored 93% macro average precision, and 96% weighted
average precision. It scored a 93% macro average recall value and weighted average recall value. Finally, it scored 92% macro average
fl-score and 94% weighted average f1-score. It is to be noted that these metrics are based on the predictions done on the 15% of the
dataset that was taken out initially for testing purposes. This makes these results the most unbiased and reliable ones to use, and all the
other metrics obtained while training were not included in this paper as they were used only to refine the model further.

It has to be noted however that the prediction provides a label for the facility managers that gives them a small range of values to
choose from. This method will not provide them with an exact volume to charge but should get them close enough to it.

Fig. 2 shows a stacked bar chart indicating the predictions made by the model. Each bar indicates one of the labels and the stacks
inside are divided based on the labels that got predicted as the label on the x-axis. As seen in the chart, the model predicted nearly
perfectly for most of the labels, except for the label Low_2. Overall, the prediction accuracy of the model is considerably good, and the
results are promising.

4.2. Occupancy model evaluation

The occupancy model was evaluated in a different way since it was a regression prediction and not a classification. Regression is
tricky to evaluate because in many cases the evaluation metrics might not be giving a good result, but the prediction could actually still
be useful and therefore the model is suitable for usage. Therefore, for regression problems the margin of error is measured. There are
two main metrics to measure the error which are the mean squared error (MSE) and the root mean squared error (RMSE).

RMSE is used to evaluate this model as it returns the average deviation between the prediction and the target in the same units as
the values in the dataset. Given that the occupancy number is in the thousands, the margin of error is acceptable as long as it is in the
hundreds. After training and evaluating the model, the RMSE was found to be 160, which is acceptable, considering the fact that the
occupancy number is usually between 2000 and 3000. Fig. 3 shows a scatter plot depicting the actual points in green and the predicted
points in purple. It can be seen that the model still manages to get close predictions even when the actual values deviate from the
normal average and it does manage to get close predictions to the outlier values as well.

5. Discussion

This research presented a machine learning solution that aims to predict the water charge load that will be required to cool a
commercial building the next day. The research focused on predicting the load using external data that is found everywhere and not
tied down to a specific sensor type or depending on the model of TES-AC used. The research utilized the power of MLP neural networks
in finding complex patterns in data and developed two models that followed a similar design to predict the final output.

The problem was divided into smaller problems to make solving it less complex and to provide a more reliable result. The output of
this research could be very beneficial for facility managers handling TES-AC systems as it can greatly reduce their energy consumption.
One of the main issues that TES-ACs face is not knowing how much water will be needed for the next day, and as such more or less
water might be charged and stored in the water tanks. Storing less water means they have to use the chiller during on-peak hours and
increase their energy consumption and storing more means they would have wasted energy cooling more water than they needed.
However, a similar solution to the one proposed in this research can provide a more accurate way of knowing what range of water
volume the facility managers need to charge for that day which would reduce the instances where the water charged is too low or too
high.

5.1. Limitations

The proposed solution provided satisfactory predictions however it is not a perfect solution but a step in the right direction. One of
the main limitations of the proposed model is that it depended on a large amount of data to make predictions. When trained with
anything less than a year’s data the results were unsatisfactory and therefore more data was needed. This might not always be viable as
some TES-AC facilities have not been running for many years, therefore making this solution infeasible for them. The model would
need further fine-tuning and improvements to be able to make reliable predictions using less data to train.

Another limitation is that the data was evaluated using the grid search cross-validation method only. Other network parameter-
izations and hyperparameter search procedures, more extensive search ranges, and finer granularities, could be considered in future
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work, in order to obtain even better parameter configurations.

5.2. Future directions

In the future this research could be further improved by allowing the designed model to train using smaller datasets, so that it can
get trained using a few months only instead of years. A more thorough hyperparameter search can also be conducted using different
types of algorithms like global stochastic optimization methods and with much bigger range values. In addition to that, other external
features could be added to the data to improve the training process and provide better predictions., for example, more weather
variables like wind speed, whether a day is cloudy/sunny/etc. Furthermore, if the model could be improved to remove the reliance on
occupancy data it would be a better solution, as the model would not need to rely on a predicted value to make a prediction.

6. Conclusion

Thermal energy storage air conditioning (TES-AC) systems are considered to be a promising solution for reducing energy con-
sumption and greenhouse gas emissions in commercial buildings. However, concerns have been raised regarding their operational
efficiency, as the way in which they are used could either save a lot of money or increase costs substantially. Many stakeholders are
hesitant to make the shift to TES-ACs because they cannot guarantee their operational efficiency and are looking for short-term
solutions.

Despite these concerns, TES-ACs can be very beneficial to the environment in the long run. An efficient operation of TES-ACs will
reduce costs in many commercial buildings and also contribute positively to the environment. In a time when the global climate crisis is
at its peak, the need for technological innovations to ease the burden on our planet should be clear.

Deep learning has been used to solve many complex real-life problems and optimizing TES-ACs should be one of them. Deep
learning neural networks can adapt to many TES-ACs and provide accurate predictions that eventually lead to the usage of machine
learning in TES-ACs, a standard that would result in more people shifting to TES-ACs to reduce their costs and resulting in a green
choice of ACs.

The novelty of this research lies in the development of a machine learning model that can predict the water volume required to be
chilled for the TES-AC plant to satisfy the cooling needs of the building for the next day. Unlike other studies that aim to create or
invent a new machine learning algorithm, the present study focuses on applying existing machine learning algorithms in a novel way to
solve a specific problem faced by facility managers operating TES-ACs. The proposed machine learning model utilizes input variables,
such as weather data and information about the day, to make accurate predictions about the water volume required to satisfy the
building’s cooling needs. The research aimed to address the challenge faced by facility managers in determining the appropriate water
volume that needs to be chilled to minimize electricity bills and carbon emissions, while also taking into account the variable elec-
tricity charges during peak and off-peak hours.

One of the key aspects that makes this research unique is its focus on creating a solution that can be easily adopted and repurposed
for other TES-AC plants, without requiring a very specific sensor input that might not be available in a different TES-AC plant. The
model was designed to avoid reliance on sensor data specific to the TES-AC plant, which makes the proposed solution widely applicable
and adaptable to other TES-AC plants across various locations.

The machine learning model developed was a Multilayer Perceptron neural network, which provided the best prediction result.
Instead of predicting an exact water volume, the model predicts a specific water range as a target output, providing facility managers
with a small set of ranges to choose from. This approach ensures that the facility managers can use their expertise to determine the best
water volume within a range, thereby minimizing errors. The final model achieved an accuracy of 93.4%, which is a significant result
that shows that there is potential in this research field.
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Fig. 3. Scatter plot of the actual and predicted values for the occupancy detection.
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