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Abstract. It is necessary to optimize Heating, Ventilating and Air Conditioning
(HVAC) system efficiency, significantly reduce energy consumption and costs,
and minimize carbon emissions by accurately predicting occupancy patterns
using advanced Machine Learning (ML) and Deep Learning (DL) techniques.
This research focuses on improving HVAC system efficiency through occupancy
detection using ML and DL techniques. The study addresses the critical issue of
high energy consumption in buildings, which accounts for about 40% of total
energy use, by optimizing HVAC operations to reduce waste and carbon
emissions. By predicting occupancy patterns accurately, HVAC systems can be
adjusted to provide heating and cooling only when necessary, leading to
significant energy savings and cost reductions. The research employs various
predictive models, including regression, time series forecasting, and ensemble
methods, achieving high accuracy rates, particularly with K-Nearest Neighbors
(KNN). Despite their complexities and challenges, advanced control methods
like Model Predictive Control (MPC) and Reinforcement Learning (RL) are also
explored. Overall, the study highlights the potential of integrating advanced data
analysis and predictive modeling to enhance building energy management,
promoting more sustainable and environmentally friendly practices.
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1. Introduction

The control and regulation of the human living environment in buildings are essential
for ensuring the comfort and well-being of occupants. However, adjusting the
temperature and humidity within buildings often consumes a significant amount of
energy. In recent years, the intensifying phenomenon of global warming and
increasingly abnormal climate changes have underscored the urgency of addressing
environmental protection and resource conservation. It is necessary to conduct a
comprehensive assessment of traditional Heating, Ventilating and Air Conditioning
(HVAC) engineering in buildings.

The building sector is one of the largest consumers of energy, accounting for
approximately 40% of total energy use worldwide. HVAC systems are a significant
component of this consumption, as they are responsible for regulating the indoor
climate to meet the thermal comfort needs of occupants. The increasing awareness of
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the environmental impact of energy consumption, coupled with the economic benefits
of reducing operational costs, has driven the need for more efficient HVAC systems.
Traditional HVAC systems often operate based on preset schedules or simple
feedback mechanisms that do not account for actual occupancy patterns or varying
environmental conditions, leading to inefficient energy use [1].

Numerous studies have explored various approaches to improving the energy
efficiency of HVAC systems. Recent advancements in machine learning (ML) and
deep learning (DL) have opened new avenues for enhancing HVAC operations. These
technologies enable the development of predictive models that can forecast
occupancy patterns and adjust HVAC settings in real-time, thereby optimizing energy
use. Additionally, advanced control strategies such as Model Predictive Control
(MPC) and Reinforcement Learning (RL) have been investigated for their potential to
manage the complex dynamics of HVAC systems more effectively. Despite these
advancements, challenges remain in achieving reliable and scalable solutions that can
be widely adopted in existing buildings. This assessment aims to summarize the
general energy consumption patterns of HVAC systems and to utilize advanced
methodologies such as deep learning and reinforcement learning to optimize the use
and distribution of energy in buildings. The ultimate goal is to enhance energy
efficiency and reduce carbon emissions while maintaining a comfortable living
environment.

This research focuses on leveraging ML and DL techniques to improve the
efficiency of HVAC systems through accurate occupancy detection and real-time
adjustments, aims to provide a comprehensive evaluation of traditional HVAC
engineering, identify common energy consumption patterns, and propose optimization
strategies using advanced ML and DL methods. The ultimate objective is to achieve
higher energy efficiency and reduced environmental impact in building operations.

2. Data and Methods

2.1 Data

In this research, a dataset which includes figures for building energy cost performance
was used to predict building’s loads in heating and cooling. There are 4 types of
building cooling strategy in the dataset: Mechanically ventilated, Naturally ventilated,
Air conditioned and Mixed model [2,3]. This dataset is characterized by its detailed
temporal and categorical data, allowing for a thorough analysis of energy usage
patterns.
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Table 1. Example of air-conditioning load relative with house size

Relative Surfa Wa Roof Over Orientati Heati Cooli
Compactne ce Area 1l Area Area all on ng Load ng Load
ss Height

0.7638 5143 294. 110. 7.0 2 15.55 21.33
0 25

0.9800 514.3 294. 110. 7.0 3 15.55 21.33
0 25

0.9800 5143 294. 110. 7.0 4 15.55 21.33
0 25

0.9800 5143 294. 110. 7.0 5 15.55 21.33
0 25

0.9000 563.7 318. 122. 7.0 2 20.84 28.28
5 50

Table 1 shows an example of how the size of a house can affect its air-conditioning
load which calculated by kW(kilowatt) terminally. Figures in the table show that the
load would increase with the size growing.

2.2 Data Pre-processing

Data preprocessing involved cleaning the dataset to remove inconsistencies and
handling missing values to ensure data integrity. Normalization techniques were
applied to scale the data, facilitating better performance of machine learning
algorithms.

All text files have seven columns as date, temperature (in Celsius), humidity (in
percentage), light (in lux), carbon dioxide (in ppm), humidity ratio (in kg vapor per kg
air) and occupancy (1 or 0 for occupied or not occupied).

For training and testing the models, 8143 instances will be used as training, dataset
(2665 instances) as validation and datatest2(9752 instances) as test data.

There are plenty of missing values in the dataset. The first step of my data analysis
process is to see whether it's conventional to replace the missing values with the
mean.
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Fig.1. Some defaults in the dataset(Photo/Picture credit : Original )

As showed in Fig. 1, there are a large number of discrete and useless data items in
the dataset, and we need to isolate the useful data items before feeding the data into
the model.

As the results of the analysis show, the correlations between occupancy light value
is more correlated with occupancy than others.

2.3 Model

Broad sense buildings account for approximately 40% of total energy consumption.
Predicting the heating and cooling loads during the initial design phase is crucial for
identifying optimal solutions among various designs, as well as for ensuring efficient
energy use during the operational phase post-construction. This research applied
several models, including linear regression, decision trees, and support vector
machines (SVM), to predict the heating and cooling loads based on a dataset for
building energy performance.

These algorithms were chosen for their ability to handle large datasets and provide
accurate predictions. Linear regression is useful for understanding relationships
between variables, decision trees offer easy interpretation and handle non-linear
relationships, and SVM is effective in high-dimensional spaces. The models aimed to
predict thermal energy measures — cooling load (CL) and heating load (HL) —
regulated by HVAC systems to maintain desirable indoor conditions.

Model Predictive Control, MPC. The operational characteristics of HVAC systems
are highly complex. Most related research employs an optimization control method
known as MPC, which relies on mathematical optimization to address control issues
in air conditioning systems. This method necessitates a "low-order" mathematical
model, typically linear, to represent the system. However, a complete commercial
central air-conditioning system encompasses numerous different devices and operates
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under constantly changing external conditions, making it challenging to capture such
complexity with a "low-order" model. Although various workarounds have been
proposed in the literature to address this issue, they often prove too cumbersome for
practical application [4].

Reinforcement Learning, RL. RL is a machine learning technique that enables
autonomous agents to learn optimal behavior through interaction with an environment,
guided by rewards and penalties. In applications such as air conditioning system
control, RL offers the ability to dynamically adjust settings to meet specific goals like
energy efficiency or user comfort. But, RL's reliance on trial-and-error exploration
poses challenges in real-world scenarios where mistakes can be costly, such as
potential damage to equipment or discomfort to occupants. To mitigate these risks, a
common approach involves initially training RL agents in simulated environments
where learning can occur safely and efficiently. Once trained, the agent can then
transfer its learned policies to real-world settings, leveraging its experience to make
informed decisions while minimizing adverse impacts. This hybrid approach balances
the benefits of RL's adaptive learning capabilities with the practical constraints of
operational environments, ensuring effective and reliable control strategies. By
harnessing RL, air conditioning systems can achieve optimal performance over time,
adjusting to varying conditions and preferences without constant human intervention,
thereby enhancing efficiency, reducing operational costs, and improving overall
system reliability in diverse applications ranging from commercial buildings to
industrial facilities [5].

Reinforcement learning (RL) offers the significant advantage of learning without
requiring explicit models. However, this strength also introduces several
disadvantages, particularly in context of HVAC system control. The primary
challenge is that RL's learning process necessitates a comprehensive exploration of
the environment, inherently involving trial and error. This approach means that
mistakes are an integral part of the learning process, as identifying optimal solutions
is impossible without the ability to make and learn from errors.

For large, centralized HVAC systems, the cost of such mistakes is prohibitively
high. Many components within these systems have specific operating conditions that,
if exceeded, can cause significant damage. For example, a large chiller requires a
precise amount of cooling and specific start up times. Frequent starting and stopping
of the chiller can make its motor overheating, causing potentially irreparable damage
[6]. Furthermore, commercial buildings must meet stringent air conditioning demands.
In office buildings, overcooling or overheating can lead to tenant dissatisfaction,
while in industrial buildings, unmet cooling requirements can damage precision
equipment.

Given these constraints, conducting full-scale online intensive learning is
impractical and risky. Convincing building owners to adopt such a solution is
challenging due to the potential risks and costs involved. Therefore, an optimal
solution involves training an RL agent in a simulated environment before deploying it
in a real-world setting. This approach allows the agent to learn and refine its control
strategies without the risk of causing damage or inefficiency in actual operations.
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Despite the use of a simulator, it is important to note that RL remains
fundamentally a "model-free" algorithm. The complexity of the simulator does not
impact the effectiveness of the training process, as RL does not rely on pre-defined
models but instead learns directly from interactions within the simulated environment.
The method mentioned above ensures that once the training is complete, the RL agent
can implement effective control strategies in real-world HVAC systems, balancing the
need for efficient operation with the minimization of risks and costs.

2.4 Evaluation

Evaluation metrics included Mean Absolute Error (MAE), Root Mean Square Error
(RMSE), and R-squared (R?). MAE measures the average magnitude of errors in
predictions, RMSE provides the standard deviation of prediction errors, and R 2
indicates how well the data fits the model. Assessing the accuracy and reliability of
predictive models is crucial for optimizing HVAC system designs and enhancing
building energy performance. By employing comprehensive metrics, this approach
ensures more sustainable energy consumption and contributes to the development of
more efficient HVAC systems [7].

3.  Data Processing and Analysis

3.1 Data Pre-processing
Correlation Table for Features
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Fig.2 Confusion matrix shows the correlation coefficients between various features in the
dataset.(Photo/Picture credit : Original )
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Fig. 2 illustrates the correlation coefficients among various features in the dataset,
highlighting the strength and direction of the relationships between factors such as
temperature, humidity, light, levels of carbon dioxide, humidity ratio, and occupancy.

This correlation matrix illustrates the relationships between various features such
as temperature, humidity, light, CO2, humidity ratio, and occupancy, revealing how
strongly they are correlated with one another. These insights are crucial for the
research as they guide the selection and engineering of features, helping to build more
accurate and effective predictive models for optimizing HVAC system performance
and improving energy efficiency in buildings.

Features and Occupancy

Occupancy=1
Temperature=0.1515152

N CO2=0.0632833
g Light=0.2545807286053036
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Fig. 3 Data spots show good spatial correlation(Photo/Picture credit : Original )

By using the light value as 4th dimension, Fig.3 shows that the higher light will
lead to bigger dots and the lower light will lead to smaller dots.
3.2 Classification with Machine Learning Methods

K-Nearest Neighbors (KNN) Method. In the study, the performance of KNN
algorithm was evaluated using different distance metrics and weighting schemes to
determine the optimal configuration for predicting HVAC system efficiency (Fig.4 ).
The analysis revealed that when the k-value is low, the Manhattan distance metric
outperforms others, providing more accurate predictions. This indicates that for
smaller neighborhoods, the Manhattan distance, which calculates the sum of absolute
differences between points, is more effective in capturing the relevant patterns and
variations in the data. While as the k-value increases, the Euclidean distance metric
becomes the better option [8]. This suggests that for larger neighborhoods, the
Euclidean distance, which calculates the straight-line distance between points, is more
suitable for capturing the overall structure and relationships within the dataset. This
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transition highlights the importance of selecting the appropriate distance metric based
on the size of the neighborhood considered by the KNN algorithm.

Fig.5 presents the analysis of validation data using a KNN model. The rows
correspond to the actual classes, while the columns represent the classes predicted by
the KNN model. The value 1616 in the top-left corner indicates True Negatives (TN),
where the actual class is 0 and the model correctly predicted them as 0. Similarly, the
value 952 in the bottom-right corner represents True Positives (TP), where the actual
class is 1 and the model correctly predicted them as 1. The values 77 and 20 indicate
instances where the actual classes were 1 or 0, respectively, but the model incorrectly
predicted them as 0 or 1 [9].

Additionally, the study found that using uniform weights, where each neighbor
contributes equally to the prediction, resulted in better performance compared to
distance-weighted schemes. This finding suggests that in this particular application,
the influence of each neighbor on the prediction should be treated equally, regardless
of their distance from the target point. These insights are crucial for optimizing the
KNN algorithm, enhancing its predictive accuracy, and ultimately improving the
energy efficiency of HVAC systems in buildings [10,11].

Accuracies for Different Hyper-Parameters
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Fig.4 Accuracies change as the k changes, while it shows increasing revelation
overall(Photo/Picture credit : Original )
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Fig. 5 The confusion matrix shown in the image is a result of analyzing validation data
using a K-Nearest Neighbors model.(Photo/Picture credit : Original )

3.3 Shortcoming

The models demonstrated satisfactory predictive capabilities with regard to
occupancy. The accuracy of the model is nearly 98%. It’s quite hard to figure out
whether the suitability of ML or DL for this dataset and problem.

Before figuring out, it would be beneficial to examine the confusion matrix, which
is created when evaluating models with the test data. The SVM model appears to
exhibit a degree of bias towards the occupied class. It might be presumed that the
neural network would be a much more suitable method for achieving more stable and
accurate results without significant errors.

4. Conclusion

The practical constraints of existing building infrastructure often preclude extensive
modifications due to prohibitive costs and operational disruptions that may not align
with management's directives. Therefore, optimizing energy efficiency requires
strategies that can work within the constraints of established systems. This research
emphasizes the effectiveness of machine learning in analyzing vast datasets collected
over extended periods from diverse building types. Such data-driven insights enable
models to identify optimal energy usage patterns, thereby fostering adaptive strategies
that minimize wastage and enhance overall efficiency.

Moving forward, there are promising avenues for further exploration. For instance,
exploring occupant satisfaction with thermal conditions in naturally ventilated
buildings compared to mechanically ventilated ones could provide valuable insights
into comfort preferences and energy consumption patterns. This line of inquiry
acknowledges that naturally ventilated buildings, reliant on external air, may vary
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significantly in thermal comfort depending on regional climate conditions and
architectural design.

By integrating academic rigor with practical considerations, this research advocates
for a systematic approach to improving HVAC energy efficiency. It underscores the
transformative potential of machine learning when applied to comprehensive datasets
gathered over extended periods, illustrating its capacity to optimize operational
efficiencies without necessitating disruptive changes to existing infrastructure. This
dual focus on empirical evidence and practical applicability positions the study at the
forefront of advancing sustainable building practices through innovative technology
and rigorous scientific inquiry.
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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