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ABSTRACT

This thesis addresses the complex challenge of predicting cooling load in under-
actuated zones, where variability in occupant behavior and environmental conditions
limits the effectiveness of traditional models. To enhance predictive performance, a
Multi-Layer Perceptron Artificial Neural Network (MLP-ANN) was developed,
integrating a Leaky ReLU activation function with a trainable bias term and scaled
Glorot Uniform weight initialization. The model was trained and validated on a time-
series dataset collected from a controlled environment. Optimal time intervals were
identified using Polynomial regression, with mixed intervals proving most effective in
capturing dynamic occupant patterns and their impact on cooling load. This
configuration yielded the highest Kaiser-Meyer-Olkin (KMO) score of 0.6237,
outperforming fixed intervals by 7.3% in representing occupant-related variability. A
comprehensive feature engineering strategy was employed, incorporating sine-cosine
transformations, lag features, interaction terms, and temporal attributes to enhance data
representation. These features enabled the model to capture cyclic patterns, historical
trends, and complex inter-feature relationships more effectively. The developed model
achieved strong predictive performance, with an RMSE of 255.751, MAE of 131.845,
and R? of 0.9962. Compared to the baseline, this reflects substantial error reduction
and improved accuracy. Its stability was supported by a low R2 standard deviation
(0.0017), indicating strong performance across varying conditions. The novel
contributions of this study include the integration of a trainable bias into the Leaky
ReLU function with customized weight scaling, the use of empirically derived mixed
time intervals, and the development of a context-aware feature engineering framework
tailored for under-actuated zones. These innovations enhance the model’s adaptability
and generalizability, offering a reliable and scalable solution for occupant-centric
cooling load prediction in modern HVAC systems.

Keywords: The under-actuated zone, occupant centric control, time interval analysis,
polynomial regression, artificial neural network
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CHAPTER 1

INTRODUCTION

1.0 Background of the Study

In contemporary building design, optimizing both energy efficiency and occupant
comfort is intricately managed through Heating, Ventilation, and Air Conditioning
(HVAC) systems. These systems, which are integral to sustaining indoor
environmental quality, account for a substantial portion of a building’s energy
consumption. Within this context, HVAC zones are systematically classified into two
principal types: fully-actuated zones and under-actuated zones (Brooks et al., 2015;
Taheri et al., 2022). Fully-actuated zones are characterized by calculated cooling loads
based on stable occupancy rates and controlled environmental parameters, making
them ideal for spaces with predictable occupant presence and activity patterns, such as
classrooms, offices, and auditoriums. In contrast, under-actuated zones refer to areas
that lack dedicated cooling control and rely on shared HVAC systems, typically
centralized air conditioning systems serving multiple ventilation zones within a
building. This concept is commonly applied in large spaces with several ceiling
ventilation outlets connected to centralized air conditioning systems, such as lobbies,
libraries, restaurants, and corridors (Kong et al., 2022).

In Indonesia, many public buildings including libraries, university campuses,
and government service halls utilize centralized HVAC systems with shared
ventilation networks. These under-actuated zones are prevalent in tropical climates
like Indonesia, where high humidity and fluctuating occupancy patterns make real-
time cooling load regulation a persistent challenge. The complexity of under-actuated

zones presented unique challenges for maintaining optimal cooling loads, as traditional



ventilation methods struggled to meet their dynamic demands. Effectively managing
these zones requires sophisticated control strategies capable of adapting to constantly
shifting conditions.

Among HVAC considerations, the cooling load a measure of required heat
removal holds potential for substantial energy savings but is intricately influenced by
factors including weather, design, and occupant behavior. In conventional HVAC
systems with under-actuated zones, the control scheme for a zone is typically
computed based on the average values of the cooling load measurements from the
rooms, which can result in poor indoor climate control (Brooks et al., 2015; Taheri et
al., 2022), especially in Indonesia where zone-level conditions can vary significantly
due to uneven crowd densities or spatial layouts. This approach becomes problematic
when climate conditions vary between areas within an under-actuated zone due to the
fluctuating cooling load at different times and locations, largely influenced by
occupant presence and activities. Additionally, the occupancy-driven cooling load in
such zones introduces temporal variability, making it difficult to apply uniform cooling
strategies across different time intervals and spatial areas (Wang et al., 2018; Ding et
al., 2022). This variability affects thermal comfort and may have adverse effects on
occupant health.

To ensure acceptable thermal conditions, Standard No. 55 developed by the
American Society of Heating, Refrigerating, and Air-Conditioning Engineers
(ASHRAE) establishes guidelines for evaluating thermal environmental conditions for
human occupancy. It specifies acceptable ranges of temperature, humidity, air
velocity, and mean radiant temperature, while also considering clothing insulation and
metabolic rate. This standard is widely recognized globally and serves as a key

benchmark in HVAC system design, including in tropical and humid regions like



Indonesia. However, maintaining ASHRAE-compliant comfort in under-actuated
zones remains a significant challenge due to fluctuating occupancy and uncontrolled
airflow distribution. To address these challenges, Li & Yao (2020) emphasized the
importance of assessing occupant presence and behavior at specific time intervals in
under-actuated zones to optimize cooling load predictions.

Time intervals play a crucial role in under-actuated zones due to the cyclical
nature of occupant behavior, which directly affects cooling load requirements over
different periods, such as months, weeks, days, and specific times of day (Kim & Cho,
2022). Frequent changes in occupancy necessitate evaluating cooling load variations
at specific intervals to effectively meet fluctuating demands. Accurate assessment of
these variations enables HVAC systems to adapt to real-time cooling needs, ensuring
optimal thermal comfort for occupants. Conditioned air is delivered from the Air
Handling Unit (AHU) to each zone, with cooling load adjustments managed through
Variable Air Volume (VAV) devices (Wei et al., 2022). However, current HVAC
control systems heavily rely on temperature and humidity sensors with pre-configured
setpoints, lacking real-time adjustments based on occupant behavior. This static
control approach limits the system's ability to respond effectively to frequent
fluctuations in occupancy and environmental conditions within under-actuated zones,
leading to energy inefficiencies and inconsistent airflow volume regulation. Therefore,
effective cooling load management must incorporate precise time interval analysis to
dynamically adjust cooling strategies according to cyclical occupancy patterns.

To determine cooling load, engineers utilize specialized simulation software and
design tools. These simulations are effective in replicating real-world conditions and
assessing building design indicators (Moradzadeh et al., 2022). However, simulation-

based methods are time-consuming and require expertise to operate. In response to



these limitations, machine learning models have emerged as a promising alternative
for predicting cooling loads based on occupancy data. For instance, Kim et al. (2020)
demonstrated that predictive models outperformed simulation tools in determining
cooling load at a given time. Implementing cooling load-based control strategies
enhances HVAC system efficiency and stability (Moradzadeh et al., 2022).
Consequently, modern machine learning techniques have been increasingly adopted in
cooling load prediction models (Gao et al., 2021).

Recent advancements in cooling load prediction have leveraged Multilayer
Perceptron Artificial Neural Networks (MLP-ANNS) due to their ability to capture
complex, nonlinear relationships in data (Moradzadeh et al., 2022). MLP-ANNSs are
particularly well-suited for scenarios involving limited datasets, as they can generalize
patterns effectively without requiring large-scale data for training. Unlike deeper or
more data-hungry architectures, such as Convolutional Neural Networks (CNNs) or
Recurrent Neural Networks (RNNs), MLP-ANNs can achieve high predictive
accuracy with relatively fewer parameters, making them efficient and scalable for
cooling load modeling in resource-constrained settings. This is especially relevant for
applications in under-actuated zones, where collecting large volumes of labeled data
is often impractical.

However, the effectiveness of MLP-ANN models is significantly influenced by
activation functions, which determine the network’s adaptability to dynamic
environmental conditions and cyclical occupancy patterns across varying zones
(Kulathunga et al., 2021). Furthermore, appropriate weight initialization plays a
critical role in enhancing model convergence and stability, thereby improving
predictive accuracy (Yang et al., 2023). Without proper initialization, models may

suffer from vanishing or exploding gradients, which hinder the learning process and



