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Abstract

Modeling and optimization for energy efficient smart buildings are interesting and
promising research areas. According to Paris Protocol signed in 2015, energy effi-
cient, smart and green buildings are imperative concerns. Heating, ventilation and
air-conditioning (HVAC) or air-conditioning and mechanical ventilation (ACMYV) sys-
tems, consume around 40% of the total energy, and the systems also directly impact
on the environmental conditions, especially the indoor environmental conditions, such
as air temperature, air humidity, air velocity, air quality, etc. In this thesis, the main
objective is to systematically optimize the ACMYV systems to operate efficiently and
maintain indoor environmental conditions as comfortable and healthy as possible for
occupants. The thesis is organized into the following systematic three-phase method-
ology to enhance ACMYV systems’ energy efficiency and indoor occupants’ thermal

comfort in smart buildings:
e Phase 1: Modeling energy consumption of ACMV systems with machine learn-
ing techniques.

e Phase 2: Modeling thermal comfort sensations of occupants with passive and

active approaches.

e Phase 3: Formulating and solving optimization problems to enhance smart
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buildings’ energy efficiency and maintaining indoor thermal comfort sensations

of occupants under different algorithms.

Summary of key contributions:

e The author established an indoor environmental condition monitoring and data
acquisition system in the thermal laboratory of Nanyang Technological Uni-
versity. The author has also completed a ML-based control algorithm for the

ACMYV systems of the laboratory. The details are discussed in Chapter 3.

e The author proposed and validated ML-based energy models of ACMV systems
and ML-based thermal comfort models of occupants. The author firstly inte-
grated both of these ML-based models for energy efficient smart buildings. The

details are discussed in Chapter 5.

e The author proposed and validated nature inspired augmented firefly algorithm
(AFA) on the laboratory platform for studying energy efficiency and thermal
comfort, and has also examined and compared the AFA with other relevant
algorithms, namely classic firefly algorithm (FA) and Bayesian Gaussian process

optimization (BGPO). The details are discussed in Chapter 4 and Chapter 5.

Summary of key findings:
The proposed passive approach is largely based on environmental parameters under
physical laws, while the proposed active approach is based on physiological parameters

of occupants, both incorporated with machine learning techniques.

e The proposed passive approach of predicted mean vote method achieved an

accuracy of 70% with about 15% energy saving on average.
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e The proposed active approach of k-means method achieved an accuracy of 90%

with about 21% energy saving on average.

e The proposed active approach of neural networks method achieved an accuracy

of 98% with about 13.5% energy saving on average.

e Augmented firefly algorithm (AFA) outperformed classic firefly algorithm (FA)
and Bayesian Gaussian processes optimization (BGPO) in terms of computa-

tional complexity and flexibility.






List of Figures

M1

Percentages of Energy Resources Compositions 2016/. . . . . . . . . .

M2

Percentages of Commercial Buildings Energy Compositions| . . . . . .

3

Percentages of Residential Buildings Energy Compositions] . . . . . .

I

Study Overview Flowchart| . . . . . .. ... ... .. .. ... ... .

[2.1 Topology of Neural Networks (1-Hidden Layer)-Regression| . . . . . .
[2.2  Topology of Neural Networks (1-Hidden Layer)-Classification| . . . . .
[2.3  Convolutional Neural Networks (CNN) on Bird Classification|. . . . .
2.4 Human Skin Spots for Thermal Comfort Sensation Evaluations [53] .
[2.5 Particle Swarm Optimization Principle] . . . . . . .. .. ... .. ..
[3.1 Data Acquisition System and Control System| . . . . .. .. .. ...
[3.2  Mollier Diagram|. . . . . . . ... ... ...
[3.3  Air-Conditioning and Mechanical Ventilation Systems| . . . . . . . . .
[3.4 Air-Handling Unit and Water Chiller Unat| . . . . . . . .. .. .. ..




Xxiv LIST OF FIGURES

[3.5 Liquid Dehumidification Unit| . . . . . . .. .. ... ... ... ... 77
[3.6 Neural Networks - Energy Consumption| . . ... ... ... .. ... 78
[3.7 Partially Loaded Chiller Energy Profiles| . . . . . ... ... ... .. 79
3.8 Thermal Laboratory (Left: Inside, Right: Outside)| . . . .. ... .. 80
[3.9  Thermal Comfort Questionnaire| . . . . . . . . .. ... .. ... ... 82
[3.10 Computational Complexity Analysis| . . . . .. ... ... ... ... 93
4.1 Overall Analytic Diagram for Passive Approaches| . . . . . . . .. .. 96
4.2 Evaluations of NN Models on Neuron, Iteration and Learning Rate] . 99
U3 PMV Model Validation . . . . . ... ... ... ... 0. 100
[>.1  Overall Analytic Diagram for Active Approaches/. . . . . . . . .. .. 112
[5.2  Predictive Thermal State (PTS) Models| . . . . ... ... ... ... 113
5.3 Overall Analytical Diagram (¢®) — ¢®+) . 113
[>.4 lustrations of Functions Fi,F5 and F3[ . . . . . . ... ... ... .. 116
.5 PTS Model Validationl . . . . . . .. ..o oo 118
[>.6  Correlations between Air Temperature and Skin Temperature] . . . . 119

[5.7  Energy Consumption Comparisons: Uniform (Upper) Distribution Ran- |

domness and Gaussian (Lower) Distribution Randomness| . . . . . . . 122

(5.8 Iterations Comparisons: Uniform (Upper) Distribution Randomness |

and Gaussian (Lower) Distribution Randomness| . . . . . . . . .. .. 123




LIST OF FIGURES XXV

(5.9 Energy Saving Ratio Comparisons: Uniform (Upper) Distribution Ran- |

domness and Gaussian (Lower) Distribution Randomness| . . . . . . . 124

[>.10 Results of K-Means Approach| . . . . .. ... ... ... ... ... . 125

[5.11 Prediction Accuracy of NN-based P'T'S Models (Iteration=30000, Learn- |

ing Rate=0.1)| . . . . . . . .. . 127

(5.12 Prediction Accuracy of NN-based PTS Models (Iteration=100000, Learn- |

ing Rate=0.6) . . . . . . . . . . 128
[5.13 Thermal States of 3 Cases in A Day (Tsampiing = 10 mins)| . . . . . . 129
[5.14 Energy Consumption in A Day (Tsumpiing = 10 mins)| . . . . . . . .. 131
[5.15 Energy Consumption in A Day| . . . .. ... ... ... ... .... 131
[A1.1 Optimizations Results via AFA-SRUW (—0.5,40.5) on Case 1| . . . . 142
[A1.2 Optimizations Results via AFA-SRUW (—0.5,40.5) on Case 2| . . . . 143
[A1.3 Optimizations Results via AFA-LRUW (—0.5,40.5) on Case 1| . . . . 144
[A1.4 Optimizations Results via AFA-LRUW (—0.5,4+0.5) on Case 2[ . . . . 145

[A1.5 Optimizations Results via AFA-SRGW-I (= 0,0 = 0.1) on Case 1| . 146

[A1.6 Optimizations Results via AFA-SRGW-I (= 0,0 = 0.1) on Case 2[ . 147

[A1.7 Optimizations Results via AFA-LRGW-I (1 =0,0 =0.1) on Case 1| . 148

[A1.8 Optimizations Results via AFA-LRGW-I (u=0,0 = 0.1) on Case 2| . 149

[A1.9 Optimizations Results via AFA-SRGW-II (x = 0,0 = 1) on Case 1|. . 150




XXV1 LIST OF FIGURES

[A1.1@0ptimizations Results via AFA-SRGW-II (x = 0,0 = 1) on Case 2. .

[A1.110ptimizations Results via AFA-LRGW-II (¢ = 0,0 = 1) on Case 1|

[A1.10ptimizations Results via AFA-LRGW-1I (¢ = 0,0 = 1) on Case 2|

151

152

153

[A2.1 Sparse FA and AFA Optimizations on Energy Consumption of ACMV

Systems (Case 1: Sedentary Activities, e.g. General Offices) . . . . . 156
[A2.2 Sparse FA and AFA Optimizations on Energy Consumption of ACMV |
Systems (Case 2: Light Activities, e.g. Lecture Theatres and Confer- |
ence Rooms)[. . . . . . ... oL 157
[A2.3 Sparse FA and AFA Optimizations on Indoor Thermal Comfort (Case |
1: Sedentary Activities, e.g. General Offices)[ . . . . . ... ... ... 158
[A2.4 Sparse FA and AFA Optimizations on Indoor Thermal Comfort (Case |
2: Light Activities, e.g. Lecture Theatres and Conference Rooms)| . . 159
[A2.5 Sparse FA and AFA Optimizations on Energy Saving Rate (ESR) (Case |
1: Sedentary Activities, e.g. General Offices)[ . . . . . ... ... ... 160
[A2.6 Sparse FA and AFA Optimizations on Energy Saving Rate (ESR) (Case |
2: Light Activities, e.g. Lecture Theatres and Conference Rooms)| . . 161
[A3.1 Energy Consumption BGPO Case 1 - Discrete(Upper) / Regression |
(Lower)| . . . . . . 164
[A3.2 Indoor Thermal Comfort BGPO Case 1 - Discrete(Upper) / Regression |
(Lower)| . . . . . 165
[A3.3 Energy Saving Rate BGPO Case 1 - Discrete(Upper) / Regression |
(Lower)| . . . . . . 166




LIST OF FIGURES xxvii

[A3.4 Energy Consumption BGPO Case 2 - Discrete(Upper) / Regression |

[A3.9 Energy Saving Rate AFA Case 1 - Discrete(Upper) / Regression (Lower)[172

[A3.1(Energy Consumption AFA Case 2 - Discrete(Upper) / Regression (Lower)[173

[A3.11Indoor Thermal Comfort AFA Case 2 - Discrete(Upper) / Regression |

[A3.1Znergy Saving Rate AFA Case 2 - Discrete(Upper) / Regression (Lower)[175







List of Tables

(1.1 ~ Feature Selection Study|] . . . . .. .. ... ... ... ... ... 10
[3.1  Electric Appliances of ACMV Systems| . . . . . ... ... ... ... 76
[3.2  Electric Appliances VF'D ot ACMV Systems| . . . . .. ... ... .. 76
[3.3 Experimental Transducers| . . . . . . .. .. .. ... ... ... ... 81
[3.4  Angle Factor Coefhicients| . . . . . . . . ... ... .. ... ...... 83
3.5 Calculations of Angle Factor (Occupant State: Seated)| . . . . . . .. 85
3.6 Calculations of Angle Factor (Occupant State: Standing)| . . . . . . . 86
4.1 'T'wo Scenarios in Experiments| . . . . . . . .. ... 95
[4.2  Tabulation of Six Schemes of AFA with Performance Figures| . . . . . 101
4.3 Comparisons between Six AFA Schemes on ESR Meang| . . . . . . .. 102
4.4 Comparisons between Six AFA Schemes on ESR Standard Deviations| 103
4.5  Experimental Parameters of Bayesian Gaussian Process Optimization| 107
4.6  Experimental Parameters of Sparse Augmented Firefly Algorithms|. . 107




XXX LIST OF TABLES

[>.1 Training Parameters of NN Models| . . . . . ... ... ... ... .. 117
5.2  Accuracy Evaluations of Models| . . . . . . ... ... ... ... ... 117
(5.3 Physiological Parameters of Occupant{. . . . . . . .. ... ... ... 126
[0.4  Emnergy Consumptionin A Day| . ... ... .. ... .. ....... 132

[A3.1 BGPO Evaluations for Case 1 and Case 2 (Note: Bold values are op-

timal results for each sample size.)] . . . . ... ... ... ... ... 176

[A3.2 AFA Evaluations for Case 1 and Case 2 (Note: Bold values are optimal

results for each sample size.)| . . . . . . ... oo oL 176

[A3.3 BGPO and AFA Evaluations for Case 1 and Case 2 at Sample=50

(Note: Bold values are optimal results.)|. . . . . ... ... ... ... 177

[A3.4 Energy, Air Temperature and Air Velocity NN Model Evaluations| . . 177




Nomenclature

The following tables describes nomenclatures used throughout this thesis.

Abbreviation Description Unit
ACMV Air-Conditioning and Mechanical Ventilation —
AHU Air Handling Unit —
AMV Actual Mean Vote —
CSE Comfort Sensation Evaluation —
EEE Energy Efficiency Evaluation —
ESR Energy Saving Rate —
HVAC Heating and Ventilation Air-Conditioning —
LDU Liquid Dehumidification Unit —
NN Neural Networks —
PMV Predicted Mean Vote —
PPD Predicted Percentage Dissatisfied —
PTS Predictive Thermal State —
WCU Water Chilling Unit —
A User-Preference Parameter —
o Relative Humidity %
A Area m?
D Diameter m
E Energy (Power) Consumption of ACMV Systems EW
w Operating Frequency of ACMV Systems Hz
F Angle Factor between Occupant and Surface —
M Metabolic Rate W/m?
P Pressure Pa
Q Heat Transfer Rate of Occupant W/m?
T Temperature °C
Vv Velocity m/s
w External Mechanical Work-done W/m?




xxxii LIST OF TABLES

The following tables describes nomenclatures used throughout this thesis.

Subscript

a Air

atv Active

cl Clothing

comp Compressor

cond Condenser

dif f Diffusion

du DuBois

evap Evaporation

g Globe

grad Gradient

mr Mean Radiant

norm Normalized

obj Objective

PSv Passive

pump Water Pump

resp Respiration

saf Supply-Air Fan

sf Surface

sk Skin

Superscript

ambt Ambient

duct Duct

enuvt Environmental

Special Term

fa Ratio of Surface Area of Clothed over Naked —

he Convection Heat Transfer Coeflicient W/(Km?)

h Radiant Heat Transfer Coefficent W/(Km?)
0

1, Clothing Insulation Factor m2K /W or cl




Chapter 1

Introduction

1.1 Overview of ACMYV Systems

This PhD study aims to enhance energy efficiency of centralized air-conditioning
systems and indoor thermal comfort sensations of occupants in smart buildings. Since
the energy efficiency and indoor thermal comfort are directly influenced by operating
conditions of Air-Conditioning and Mechanical Ventilation (ACMV) systems, thus
this study could have significant impacts on energy conservation, global warming gas

(mainly C'Oy) emission reduction and healthy indoor environment.

u Oil

H Coal

M Gas

M Others

Figure 1.1: Percentages of Energy Resources Compositions 2016

According to World Energy Council report 2016, currently 86% of the current energy
resources are still dependent on non-renewable fossil-fuel resources, such as coal, oil
and natural gas. The other renewable energy resources (i.e. nuclear, hydro, wind and

solar) only account for 14% to the current consumption of energy resources, as illus-
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trated in Figure [I.I} However, according to the statistics from real-time meters, oil
will be depleted in about 40-50 years, and about 160 years and 410 years respectively
for natural gas and coals [37]. Therefore, the issues of diminishing energy resources
have been gaining more and more attentions all over the world. The concept of ener-
gy efficiency has been applied into multiple fields, such as buildings, transportation,
manufacture, industry and so forth in attempts to optimize energy usage. One of
the major current concerns is the ever increasing number of buildings in cities. In
the scope of my studies, the energy efficiency of smart buildings is the study focus.
According to the statistical energy profiles of buildings, some of the major energy
consuming parts are the Air-Conditioning and Mechanical Ventilation (ACMV) sys-
tems [56]. Generally, ACMV systems would account for 40% - 60% of the total energy
consumed by buildings [56] as shown in Figures and for commercial and res-
idential buildings respectively. The ACMYV systems are represented by the portions
of space heating, space cooling, ventilation, water heating and refrigeration for both

commercial and residential buildings.

1.2 Motivations and Objectives

Based upon the agreed Paris Protocol in Paris Climate Conference 2015, global cli-
mate change targets were acknowledged worldwide. One of the targets is to keep a
globally environmental temperature increment of below 2°C' by year 2020 [I]. Singa-
pore actively took part in this campaign and made a pledge with a target of “7% -
11%” emission reduction under the conditions of “business-as-usual” by the year of

2020 [37].

Based upon the statistics of European Union (EU) and the United States, build-

ings generally consume around 40% of the total energy generated from power plants
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M Lighting

M Space Cooling
i Space Heating
M Ventilation

M Electronics

i Water Heating
M Refrigeration
i Computers

u Cooking

i Others

i Energy Adjustment

Figure 1.2: Percentages of Commercial Buildings Energy Compositions

1%_4’%. M Space Heating

M Space Cooling

i Water Heating

M Lighting

M Electronics

i Refrigeration

i Wet Clean

i Cooking

ul Computers

i Others

i Energy Adjustment

Figure 1.3: Percentages of Residential Buildings Energy Compositions
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[46], 50]. Among the total energy consumed by buildings, Air-Conditioning and Me-
chanical Ventilation (ACMV) systems generally account for around 40%-60% [5], 46].
While consuming much energy, the ACMV systems significantly control the indoor
environmental conditions, which can directly affect the productivity and health of
indoor occupants as reported in the studies of Zhang et al. [08]. Moreover, according
to the research from Berkeley National Laboratory, people generally spend an average
of around 90% of the total time each day staying inside buildings [44]. Thus, it is
important to optimally balance the ACMV systems’ energy efficiency and occupants’

indoor thermal comfort for the sake of energy saving, productivity and health.

Additionally, motivated by the current resource limitations and serious global environ-
mental issues, the author aims to improve on buildings’ energy efficiency and indoor
environmental conditions for occupants by examining the operation of ACMYV system-
s. Since ACMV systems have a significant role of consuming energy and maintaining
indoor environmental conditions, the optimizations and balancing buildings’ energy
efficiency and indoor thermal comfort sensations of occupants will be promising and
meaningful solutions to partly address the global environmental and diminishing en-
ergy resources issues. This is the motivation which drives the author to research and
study the relevant problems. In order to better study the related topics, a thermal
laboratory was built up at School of Electrical and Electronic Engineering, Nanyang
Technological University, Singapore. This thermal laboratory is equipped with an
isolated Air-Conditioning and Mechanical Ventilation (ACMV) systems. The ACMV
systems consist of Air-Handling Unit (AHU), Liquid Dehumidification Unit (LDU),

Water Chiller Unit (WCU) and all air ducts,water and refrigerant piping connections.

The objectives of this study can be divided into the following three steps:



1.2 Motivations and Objectives

e Phase 1: Modeling energy consumption of ACMV

ing data-driven approaches.

systems with machine learn-

Phase 2: Modeling indoor thermal comfort sensations of occupants with ma-

chine learning passive and active approaches. The passive approach is mainly

based on environmental parameters, while the active approach directly focuses

on physiological parameters of occupants.

energy efficiency and maintaining indoor thermal

pants.

Phase 3: Formulating problems and optimizing on enhancing smart buildings’

comfort sensations of occu-

To illustrate the thesis objectives and motivations clearly, Figure presents a key

overview flowchart of the study.
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Figure 1.4: Study Overview Flowchart

For each of the phases mentioned above, specific methodologies are to be examined

in subsequent chapters. The objective is to investigate a

systematic way of modeling

and optimizing the ACMV systems in thermal laboratory. Based upon the studies of
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the ACMYV systems, general solutions to modern smart buildings can be achieved by
integrating energy models and indoor thermal comfort models. This systematic way
of modeling and optimization can be utilized to improve buildings’ energy efficiency

and maintain occupants’ indoor thermal comfort sensations.

1.3 Key Contributions

The objective of this thesis is to systematically model and optimize the operation of
ACMYV systems for enhancing smart buildings’ energy efficiency and thermal comfort
levels of occupants. Through innovations and experimental verifications, the key

contributions of this thesis can be summarized as follows:

1. Data Acquisition System of ACMYV Systems
In order to model and optimize the operation of air-conditioning and mechan-
ical ventilation (ACMV) systems, the author developed the necessary data ac-
quisition system to monitor indoor environmental and occupant physiological

parameters. The details are discussed in Chapter 3.

2. Control System of ACMV Systems
In order to conduct experiments in the laboratory, the author also developed a
machine learning based control algorithm for enhancing the energy efficiency of

ACMYV systems and thermal comfort of occupants. The details are discussed in

Chapter 3, Chapter 4 and Chapter 5.

3. Energy Model of ACMV Systems

The author proposed and applied machine learning (ML) approaches for the en-
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ergy consumption prediction of the ACMYV laboratory platform in the School of
Electrical and Electronic Engineering, Nanyang Technological University. The
energy model had inputs of supply air fan frequency, compressor frequency and
water pump frequency, and output of energy consumption prediction. The en-
ergy model covered water chiller unit (WCU) and air handling unit (AHU).
Traditionally, the energy consumption of AHU and WCU is examined by power
meters measuring currents and voltages, which make them complex and not
real-time. Therefore, an ML-based energy model has been proposed to predict
energy consumption in real-time and without increasing the systems’ complex-
ity. Different from conventional approaches, the energy model was developed
by a supervised data-driven method with a novel cost function proposed by
the author. The datasets were randomly divided into two sub-datasets, namely
training datasets (80%) and testing datasets (20%), and the random divisions
of datasets were carried out 10 rounds for trainings and testings. The energy
model was trained by back-propagation (BP) with a mean squared error (MSE)
cost function Eq. which introduced by the author. The final models were
cross-validated with the 10 rounds of randomly divided testing datasets to avoid

over-fitting and model-biasing. Further details are presented in Chapter 3.

Cost Function (Refer to Eq. for details):

m p n  ka ka p
J(©2 eW|X) = % S5 iy v+ % < > 00 + 2(913@)2)

i=1 j=1

4. Thermal Comfort Model of Indoor Occupants
The author proposed and applied machine learning (ML) approaches for ther-

mal comfort prediction of occupants. According to the sensory data sources,
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the models had been classified into two categories, namely passive and active
models. The passive model is largely based on environmental parameters, while
the active model is focused on occupant physiological parameters. Further de-

tails are presented in Chapter 3, Chapter 4 and Chapter 5.

Passive Model: With the environmental sensory data of air temperature, pres-

sure, humidity and velocity, and operating frequencies of supply air fan, com-
pressor and water pump, supervised ML-based air temperature and velocity
models were proposed and applied into Fangers predicted mean vote (PMV)
model to estimate indoor thermal comfort levels of occupants. The models had
inputs of supply air fan frequency, compressor frequency and water pump fre-
quency, and outputs of air temperature and velocity. The training and testing
processes followed the same procedures as energy models. The cost function
also followed the MSE cost function Eq. which is introduced by the author.
The cross-validations were also carried out with 10 rounds of randomly divided

datasets to avoid over-fitting and biasing.

Cost Function (Refer to Eq. for details):

Active Model: With the recorded physiological data of occupant, namely skin
temperature, height, weight and gender, occupants were asked to feedback on
questionnaires under air-conditioned experiments. Supervised ML-based ther-

mal comfort prediction models were then proposed and validated through physi-
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ological parameters. The models had inputs of skin temperature, height, weight,
gender and clothing factor, and output of thermal comfort levels based on 7-
scale quantification. Through careful studies, the author proposed the following

normalization method for standardizing the physiological parameters of differ-

ent subjects as presented below (Refer to Eq. and Eq. for details).

Tsk = Thand

o (1.3)
sk,norm — Anorm

where

Anorm = (1 - Icl) : Adu
(1.4)
Ay = Weight®™1?® x Height® ™ x 0.203

The training and testing processes followed the same procedures as energy mod-
els. The cost function also followed the MSE cost function Eq. introduced
by the author. The cross-validations were also carried out with 10 rounds of
randomly divided datasets to make sure the models avoid over-fitting and bias-
ing.

Cost Function (Refer to Eq. for details):
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The active models with different feature selections were also proposed and ex-
amined by the author in this PhD study. A total of 4 categories with 15 combi-

national features was proposed by the author and it is tabulated in Table [I.1]

Table 1.1: Feature Selection Study
Category | Features
Tsk
Tsk,grad
Tsk‘,norm

1-Feature

Tsk,grad,norm

Tsk: + Tsk,grad

Tsk,norm + Tsk,grad

Tsk + Tsk,grad,norm

Tsk + Tsk,norm

Tsk,grad + Tsk:,g’/‘ad,norm

Tsk‘,norm + Tsk’,grad,norm

T + Toknorm + Tsk_grad

Tsk: + Tsk,grad + Tsk:,grad,norm

Tsk + Tsk:,norm + Tsk’,grad,norm
Tsk,norm + Tsk,grad + Tsk,grad,norm
4-Feature Tsk + Tsk,norm + Tsk,grad + Tsk,grad,norm

2-Feature

3-Feature

5. Computational Optimization Algorithm

The author proposed an augmented firefly algorithm (AFA), which was based
on the concepts of Monte Carlo random process and computational intelligence.
The AFA had also been compared and validated with other relevant algorithm-
s, namely firefly algorithm (FA) and Bayesian Gaussian process optimization
(BGPO), and six different schemes of AFA were also proposed and discussed by
the author in this study. They are AFA-SRUW, AFA-SRGW-I, AFA-SRGW-
II, AFA-LRUW, AFA-LRGW-I and AFA-LRGW-II. The key innovations and
enhancements of AFA are summarized as follows:

(a) The inner for-loops were removed, so that the computational complexity is
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reduced from O(n?) to O(n). Please refer to Algorithm [§] and Algorithm [11]

The computational efficiency was significantly enhanced.

(b) Distance coefficient (), vortex coefficient (), randomness coefficient (5),
randomness mode switch (¢) and searching mode switch (s) were introduced

(Refer to Algorithm [L1] for details) as presented below.

x?W=x2’d+a-’v(Xm—X?ld) o {@B—”'s“] B

xPew = x9d 4 3. |:(AB—1)-S+1} €

With the hyper-parameters «, v, 3, € and s introduced, the algorithm was ver-
ified to be able to effectively locate high performance solutions without being

trapped into sub-optima.

(c) The update of solutions were targeted on optimal solution directly with vor-
tex linearized movements as shown below, instead of exponential movements in

classic FA.

;e :xs’d+a-v("maw —X?ld) o [mB— 1>'S+1] B
(d) A user-preference tuning parameter (\) between energy efficiency and ther-

mal comfort had been proposed by the author to allow for trade-off of energy

efficiency and thermal comfort in smart buildings:

fObj(') =\ EEE,orm + (1 - )\) -CSE,orm

The above cost function served as the central objective function of optimization
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algorithms of classic firefly algorithm, augmented firefly algorithm and Bayesian
Gaussian process optimization. Further details are discussed in Chapter 4 and

Chapter 5.

1.4 Organization of Thesis

The organization of this thesis is presented as follows:

e Chapter 2 presents the literature reviews on relevant research articles related
to this study. In order to adequately and clearly understand the available re-
sults and developments relevant to the studies of energy efficiency and thermal
comfort, this review is divided into 4 sub-areas. Firstly, different data-driven
modeling techniques are examined. Secondly, different indoor thermal comfort
evaluation techniques are presented. Thirdly, different optimization techniques
for resolving the optimal solutions to the formulated problems are reviewed.
Lastly, recent studies on balancing buildings’ energy efficiency and indoor ther-

mal comfort of occupants are presented.

e Chapter 3 briefly describes the methodologies on how to address the solutions
to the formulated problem based on the objective of this study. There are four
basic steps to resolve this problem. First, the methodologies of energy consump-
tion modeling of buildings are presented. Second, the methodologies of indoor
thermal comfort modeling of occupants are presented. Third, problem formula-
tions with user-preference parameters are described with constraint boundaries.
Lastly, different optimization algorithms are evaluated and compared based on

benchmark testing functions.
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e Chapter 4 proposes machine learning approaches for energy efficiency evalua-
tions (EEE) under comfort sensation evaluations (CSE) with passive approach-
es. In the ACMV systems, there are four major energy consuming components
that are examined in this study, which are the supply-air-fan motor in AHU; the
compressor, the water pump and the condenser in WCU. The most well-known
ASHRAE Standard 55 thermal comfort model is developed from P.O. Fanger’s
PMV model. The passive approaches use the environmental parameters to in-
dex thermal comfort of occupants. Three studies are covered in this chapter on
energy efficiency and indoor thermal comfort evaluations. The different opti-

mization algorithms are examined for energy efficiency evaluations.

e Chapter 5 proposes machine learning approaches for energy efficiency evalua-
tions (EEE) under comfort sensation evaluations (CSE) with active approaches.
The measurements of physiological parameters of occupants serve as models for
thermal comfort sensations of occupants. Two studies are conducted in this
chapter on energy efficiency and indoor thermal comfort evaluations with dif-

ferent optimization algorithms evaluated and compared.

e Chapter 6 draws conclusions based on the conducted studies, highlights existing

limitations and outlines the future research directions of related studies.






Chapter 2

Preliminary

In this chapter, relevant literature and background knowledge are reviewed in details.
The literature is classified into machine learning techniques, thermal comfort studies
and optimization algorithms. Currently, there are many studies on energy efficiency
improvements of buildings. For high latitude regions, the studies are based on heating
capacity and demands to enhance energy efficiency of buildings. For medium latitude
regions, the season-oriented heating and cooling capacity and demands are signifi-
cantly differentiated. For low latitude regions, the weather is often rainy and cloudy.
The climate is generally of high humidity and high temperature. The cooling capacity
and demands are the most desired. Due to the geological constraints, different regions
have different and specific cooling or heating profiles. So the gaps between different
regions should be resolved with a more generic solution. Parallel to energy efficiency,
there are also many studies on thermal comfort. There are three categories among
the whole studies of thermal comfort in general, such as passive, active and hybrid
thermal comfort evaluations. The passive thermal comfort evaluation is largely based
on environmental parameters to predict thermal comfort levels of occupants, while
an active thermal comfort evaluation depends on physiological parameters of occu-
pants directly. The hybrid thermal comfort evaluation basically adopts both passive

and active evaluations and may try to find a trade-off for implementation or accu-
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racy. The active approach could be intrusive, while the passive approach could be
time-consuming for implementation. Furthermore, the gaps between current energy
efficiency improvement and thermal comfort are also not well addressed yet. Due
to inherent complex coupling and correlations among energy consumption, environ-
ment control and occupant thermal comfort, there are various research gaps that
require further examinations and studies in order to better understand and resolve

the relationships within the complex coupling and correlations.

In the section on machine learning, literature on data-driven machine learning tech-
nique, such as neural networks back-propagation with batch/stochastic gradient de-
scent, is reviewed. The theoretical backgrounds and applications are also discussed,

such as learning strategies and optimizations for low cost functions.

In the section on thermal comfort studies, literature on passive and active approaches
are discussed for evaluating the indoor thermal comfort sensations of occupants. The
passive approaches basically utilize environmental parameters (i.e. air temperature,
air velocity, air relative humidity, mean radiant temperature, etc.) and few occu-
pant parameters (i.e. metabolic rate and clothing insulation factor, etc.) to predict
thermal sensations of occupants, typically represented by Fanger’s model. The active
approaches directly make use of occupant physiological parameters (i.e. skin temper-
ature, metabolic rate, heart rate, blood pressure, etc.) to investigate the predictive

models for thermal sensations.

In the section on optimization algorithms, literature on certain typical optimization
algorithms are reviewed. These optimization algorithms are grouped into three cat-
egories, which are nature-inspired algorithms, Bayesian optimizations and analytic
algorithms. The nature-inspired algorithms are genetic algorithm, particle swarm op-

timization, firefly algorithm and augmented firefly algorithm. The Bayesian optimiza-
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tions are governed by assumptions of Gaussian processes of sample distribution. The
analytic algorithms are batch/stochastic gradient descent algorithms and quadratic

programming for convex optimization problems.
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2.1 Machine Learning

In this section, different modeling techniques are elaborated. In this study, data-
driven machine learning models are applied. The basic idea of these models is to
exploit big data and artificial intelligence. The models, trained by the collected big

data, provide straight-forward and accurate solutions in our current studies.

2.1.1 Introduction

Since Frank Rosenblatt discovered the concept of perceptron to mimic neural neurons
for computer sciences and engineering [63] in 1957, the dreams and efforts to achieve
intelligence in machines since then have never stopped [45] [77]. Nowadays, the terms
“artificial intelligence (AI)” or specifically “machine learning (ML)” are found every-
where in the fields of computer science studies. The effects were pushed even further
when the AlphaGo Zero from Google DeepMind achieved a remarkable 100-0 compe-
tition result through reinforcement learning techniques [70] without prior knowledge
of human inputs. The basic idea of reinforcement learning is to maximize reward func-
tion and minimize cost function after a long period of running. Since there are only
regulations and rules declared without any prior knowledge, the learning processes of

models are undertaken by numerous attempts to locate the best outcomes.

Besides reinforcement learning, there are two more machine learning categories, which
are supervised learning and unsupervised learning. The main difference between these
two learning ideologies is their training targets. For supervised learning, the train-
ing inputs and outputs are well labeled, however the unsupervised learning only uses
training inputs without labeling. Therefore, the supervised learning can be more

widely applicable for solving regression problems and classification problems. As for
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regression problems, there are several methods such as neural networks, linear regres-
sion, logistic regression, non-parametric regression, etc. As for classification problems,
some typical methods are neural networks, decision trees, support vector machine, etc.
On the other hand, unsupervised learning mainly solves the classification problems
by some typical methods, such as neural networks, clustering, k-means, hierarchical,
principle component analysis, etc. Moreover, there is an in-between technique called
semi-supervised learning. It attempts to draw on the benefits from supervised and
unsupervised learnings. The basic idea is to label training inputs and output par-
tially that could reduce the costs of labeling and training efforts with the benefits of
unsupervised learning, and provide fairly low modeling errors with the guidance of

supervised learning.

In this thesis, machine learning techniques are mainly investigated in detail for model-
ing energy consumption and environmental parameters of smart buildings and indoor
thermal comfort sensations of occupants. Since it is important to balance indoor
thermal comfort of occupants and energy-efficiency of ACMV systems, there is also

a need to review different optimization algorithms in this study.

2.1.2 Supervised Learning

Currently, Artificial Intelligence (AI) has found wide applications in different field-
s from computer science to biological science [25], from chess games to AlphaGo.
In addition, the core of artificial intelligence is originated from “machine learning”
through a large number of training data or pre-defined regulations. The supervised
learning is based on labeled training input and output pairs. The word “labeled”
here means that the outputs of training inputs are validated by correct results from

the perspective of human beings. It is often a laborious task to label large amount of
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data, especially in the era of big data nowadays. For instance, the cat-dog problem
is a supervised learning problem where a computer is to be trained to differentiate
an image of a cat or a dog [59, 97]. The training inputs are numerous images of
cats and dogs, but the training outputs are different. The training images of cats are
labeled as 1s for the training outputs, while those of dogs are labeled as 0s. There
are a number of state-of-the-art architectures and topologies of supervised learning,
such as Neural Networks (NN), Convolution Neural Networks (CNN), Recurrent Neu-
ral Networks (RNN), Deep Learning (DL), Linear Regression (LinReg), Polynomial
Regression (PolyReg), Logistic Regression (LogReg), Decision Tree, Random Forest,
Naive Bayes, K Nearest Neighbors (KNN), etc. The supervised learning techniques
are effectively and mostly applied for solving regression and classification problems.
However, this mode of learning is not the same natural way as human being learning.
Human beings can differentiate cat or dog by only learning a few pictures of cats and

dogs in advance. Some key formulations of these topologies are summarized below.

Linear Regression (LinReg)

There are many problems that examine the relationships between one feature and
another [84]. For instance, the corresponding relationship between the energy con-
sumption of a city and its population is the kind of problem of linear regression

study.

The data structure of linear regression is illustrated in detail below. The X is the
m input datasets with n features. The © is the model’s weighted parameters for
different features. The Y is the predicted output of linear regression model. The Y*

is the training output ground truth for training the model’s weighted parameters [84].

Data Structure
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(2.2)

In order to minimize the errors of models, the cost function is defined under the

considerations of mean square error and parameter regularization below.

Cost Function

- Mean Squared Error and Regularization [57]
J(O|X) = 1 i(y. — )+ A ie?
2m G 2m J

i=1 =0

- Error Difference

*
erri = Yi =Y

(2.3)

(2.4)

To locate the well-tuned parameters for minimizing the cost function, a gradient
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descent algorithm is applied as follows by constructing a gradient matrix and updating

model’s parameters below.

Gradient Matrix
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Polynomial Regression (PolyReg)

Similar to linear regression, the polynomial regression also focus on studying the rela-
tionships between input feature and another output target. However, many problems
are not linear, but curvature in nature [62]. Therefore, there is a function needed
to fit non-linear relationship accurately. Thus the main difference is that the input
feature is not linear but polynomial terms as shown in the data structure below. That
is the reason why it is called polynomial regression. The main objective of polyno-
mial regression is to model the non-linear corresponding between independent and

dependent parameters.

The data structure of polynomial regression is presented in detail below. The X is
the m input datasets with n features. The © is the model’s weighted parameters for

different features. The Y is the predicted output of linear regression model. The Y*
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is the training output ground truth for training the model’s weighted parameters.
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(2.7)

In order to minimize the errors of models, the cost function is defined under the

considerations of mean square error and parameter regularization below.

Cost Function

- Mean Squared Error and Regularization [57]

1 m . A n
‘](@|X):%Z(yi_yi)2+%29?

i=1 =0

- Error Difference

*
erry = Yi — Y;

(2.9)
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To locate the well-tuned parameters for minimizing the cost function, a gradient
descent algorithm is applied as follows by constructing a gradient matrix and updating

model’s parameters below.

Gradient Matrix

[ os ] Serri-al + 26,
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Update Model’s Parameter ©
aJ(+)
v =M —n. 2 2.10
56 (2.10)

Logistic Regression (LogReg)

Logistic regression uses a logistic function, or called sigmoid function, to transform
inputs into a smooth binary-like outputs [39]. Unlike linear and polynomial regression,

the logistic regression is a statistically model dealing with probability problems.

The X is the m input datasets with n features. The © is the model’s weighted
parameters for different features. The Y is the predicted output of linear regression
model. The Y* is the training output ground truth for training the model’s weighted
parameters. he(-) is the transforming function, called sigmoid function or logistic
function. The data structure of logistic regression is shown in detail below. The
logistic regression model is presented in element-wise and matrix-wise afterward as

well.



2.1 Machine Learning

25

Data Structure

10 T11 Ti2 0 Tin U1

Too T21 T22 - Ton Y2
X = Y =

Tmo Tm,1l Tm2 ' Tmn Ym
Model

- Element Form
1

Yi = 1+ e—(Oo-zi0+01-Ti 14400 T 0)

- Matrix Form

Y = h@(X) =

1

1+e X0

(2.11)

(2.12)

Since the logistic function consists of highly non-linear exponential term, the cost

function is different from those of linear and polynomial regressions with some math-

ematical manipulations illustrated below [57].

Cost Function

- Log Error and Regularization [57]

@‘X :%Z h,@ Xl

=1

where

—In(he(xi)),

Clhe(xi),y;) =

—In(1 — he(x;)),

7=0
ity =1
it yy =0

(2.13)

(2.14)
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Thus, Eq. can be formulated as follows:

m n

J(O[X) = > In(he () + (1 - ) - In(l — he(x))] + % Ze; (2.15)
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K Nearest Neighbors (KINN)

The K Nearest Neighbors (KNN) algorithm is a non-parametric method of super-

vised learning [9]. The KNN approach can be used for resolving both regression and
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classification problems with prior knowledge of data that is unknown or difficult to
acquire. Mostly, the KNN is a choice of classification for labeled training data [34].
Generally, the parameter “K” would be selected as an odd number, so that it can

avoid the cases of tie classification from happening.

The training data X consists of m training data sets, and each training data set has
n features with labeling Y as illustrated below. The training data outputs follow

y; € {C1,Cy, -+ ,Cs}, where i € [1,m] under s — class labeled.

Data Structure

T11 Ti2 - Tin n

To21 X222 - Ton Y2
X = Y =

Tmi1 Tm2 *°° Tmn Ym

Algorithm 1 K Nearest Neighbors (KNN)
1: Input: X, Y, x;

2: Output: 1y,
3: for (u=1;u <m;u++)
4:

d(Ty, ) = \/Z (Tu — Teg)?
k=1

5: endfor
6: Sort d(X,z;) in ascending order up to K nearest neighbors.
7. Find the highest voted classification (C*) in K nearest neighbors

(Where C*e{C,Cy, -+ ,Cs} )

8 Yy < c*
9: Stop.

The Euclidean distance of testing data is calculated for its K nearest neighbors to
determine the final class of this particular testing data. For instance, a testing data

i Ty = [Tu1, Tu2s -+, Tun), and its neighboring data is z, = [Ty1, Ty 2, -+, Typs). The
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Euclidean distance between z, and x, is therefore given as follows:

d(.fEu, xv) = \/(xu,l - xv,l)Q + (xu,2 - $v72)2 +---+ (xu,n - xv,n)2 (217)

Based on Eq. [2.17], the confusion matrix of testing data can be calculated against all
training data. The class of testing data will be assigned as the most frequent class pre-
sented in the K nearest neighbor training data. The pseudo-code is presented in Algo-
rithm (1} (x¢,y;) are input and output data for testing, where z; = [x¢1, T2, -, Tep)

and y; € {C1,Cy, -+, Cs}.

Neural Networks (NN)

Essentially, the learning principle is rooted in neural networks and they are widely
adopted for solving regression and classification problems [38]. Therefore, the choice

of neural networks modeling is selected and evaluated throughout the whole study.

Neural networks modeling is originated from Feed-Forward Back-Propagation net-
works. The “Feed-Forward” means that the output is the result of inputs fed with
weight coefficients forwardly. The “Back-Propagation” means that the weight coef-
ficients are trained according to the errors of outputs with respect to the associated
neurons backwardly layer by layer. There are three important stages for training
models generally. The first is to normalize the training data. The second is to for-
mulate objective function (sometimes also called cost/loss function) that is to be
minimized. The third is to derive the 1st-order differentiate equations of objective
function with respect to associated neurons [9]. Then, the neural networks models can
be trained according to the derived lst-order differential equations and optimization

algorithms can be applied to locate the weight coefficients that result in approaching
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the minimum of the objective function. Generally, the optimal weight coefficients
are located through gradient descent methods that utilize the 1st-order differential

equations discussed previously [10].

Algorithm 2 Back Propagation (BP)
1: Input: X, Y*, 01 03
2. Output: @1, 032
3: while(stopping criteria not satisfied)

4: Evaluate model output: Y

5: Evaluate cost function: . .
m p n a a p

o JO®eMx) =1 z<yi,j—y:j>2+%( IPHCIIEDY z<e£?%>2).
i=1j=1 u=0v=1 u=0v=1

7 Evaluate gradient matrix:

dJ(: 9J(:

8: 898) and 8951)).

9: Update ©® and ©@W:

10 @(2) :@(2) _77.86(:37_52))7 @(1) :@(1) _7].88(:3]_51))

11: endwhile

12: Stop.

Input Aka Output
(n-feature) (ka-Hidden Neurons) (p-output)

Figure 2.1: Topology of Neural Networks (1-Hidden Layer)-Regression

The topology of the regression neural networks as shown in Figure [2.1 above and

neural networks (1-Hidden Layer)-Regression are mathematically formulated, and
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the pseudo-code of back-propagation (BP) is provided in Algorithm [2[ above. The
data structures of the regression neural networks are illustrated below. The X is
the m inputs with n features. The Y and Y* are the predicted outputs from the
neural networks and ground truth datasets respectively. The A©®, A®M and A®
are intermediate matrices. The @) and ©? are the weight parameters of neural

networks.

Data Structure

10 T11 T12 0 Tin Y11 Y12 Y13 - Yip
To2o 21 T2 - Ton Y21 Y22 Y23 - Y2p
X = Y =
xm,O xm,l xm,Z e xm,n ym,l ym,Q ym,S e ym,p
* * * *
Y11 Yig Y13 0 Yip aio ail  Qi2 -+ Qlka
Ya Ys Y S T as o Q21 Q22 -+ A2k
2.1 2.2 2 3 2 y4 b ) ’ ska
* k) ’ ’ ). 0 _ 1 .
Y* = ‘ ‘ ‘ ,A( ) — . ,A( ) —
* * * *
Yn1l YUYm2 Ym3z °° YUmyp Am,0 Am,1 Am2 " O(mka

A® = [A(O) A(l)] , where a;0 =1 for Vi€ [1,m] and i € Z*

1 1 1 1 2 2 2 2
I R O R
1 1 1 1 2 2 2 2

NN U N I e
1 1 1 1 2 2 2 2

_en,% en,% en,i)’) e (97(1,1)«1_ _el(ca),l 915:(3,2 el(ca),3 T el(ca),p_

(2.18)
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Model

- Element Form
1

ik = 2.19
A5 k 14 e_(rﬁo'e(()b)c—‘rmivl'0811—"_”.—"_1:1"”'91(11,;@) ( )
where i =1,2,3,--- ,mand k =1,2,3,--- , ka.
Yij = ai0 0(()?]) + aiy - efj) + -+ Q4 ka * 9](51)’] (220)
where 1 =1,2,3,--- ,mand j =1,2,3,--- ,p.
- Matrix Form
Aﬂ):h<X-@“0 (2.21)
Y=A?%.6® (2.22)

Cost Function

IO, 0MX) - %zz@i,j—y;j)u%(zzw;g,mz 2(9553)2) (2.23)

=1 j=1 u=0 v=1 u=0 v=1

erri; = yij — (2.24)

Gradient Matrix
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The topology of the classification neural networks as shown in Figure [2.2] with neural

networks (1-Hidden Layer)-Classification are mathematically formulated. The data
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structures of classification neural networks are illustrated below. The X is the m
inputs with n features. The Y and Y* are the predicted outputs from the neu-
ral networks and ground truth datasets respectively. The A© A® and A® are

intermediate matrices. The @) and @ are the weight parameters shown below.

q

(n-feature) (ka-Hidden Neurons) (p-output)

Input ka Output

Figure 2.2: Topology of Neural Networks (1-Hidden Layer)-Classification

Data Structure
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AR = [A(O) A(l)] , where ;g =1 for Vie [l,m] and i € Z*
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Cost Function
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Deep Learning (DL)

Aforementioned Neural Networks (NN) is a part of essential architectures for Deep
Learning (DL) [33]. As its name implies, a deep learning architecture consists of deep
hidden layers between inputs and outputs, which basically are deep neural networks.
Among each layer, there are different types of topologies, such as partially or fully
connected. Similarly, all data for training is labeled (i.e. a supervised learning with a
large number of neurons and parameters to be tuned). Due to its complex layer archi-
tectures, each layer could learn some new abstract features from its inputs layer, and
thus could generate more meaningful outputs for the next layer to process. Generally,
deep learning has excellent performance in solving pattern recognition, classification,
image processing and computer vision problems [33]. It can even be combined with
reinforcement learning for competing chess games and artificial intelligence gaming

strategy.

Moreover, traditional feature extractions of neural networks are on the basis of man-
ual differentiations. After the features are extracted, the parameters of weights are
trained so as to minimize the cost function. However, deep learning completes feature
extraction within its deep hidden layers of neural networks without the prior knowl-
edge of the facing problems. Many abstract features extracted are not identified by

human beings after a series of complex computations and transformations. One of
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the most commonly used networks in deep learning is Convolutional Neural Networks
(CNN). Normally, a 2D filter is selected for the convolution computations, and the
best application is for 2D data sets, such as image. For example, there is a picture
of circle. The first layer could detect edges features, and deeper hidden layers could
detect some more feature like eccentricity. Then the final layer could tell whether it
is a square, rectangle, triangle or circle. Another example is shown in Figure to
illustrate the identification of a bird in an image. This model is fed and trained with

many other labeled data sets, such as images of cats, dogs, etc [59, 07].

ko
o
Lo
-] —o
° o
-] ~o Pucg
° °
° °
IR\
s . o o
convolution + max pooling & \:
I nonlinearity | g
convolution + pooling layers fully connected layers  Nx binary classification

Figure 2.3: Convolutional Neural Networks (CNN) on Bird Classification

Besides the aforementioned applications, deep learning also performs excellently in
many other fields, such as Natural Language Process (NLP), robotics, Computer
Visions (CV), search engine, advertisement pop-up, medical diagnosis, financial pre-

diction, etc.

2.1.3 Unsupervised Learning

Compared to supervised learning, unsupervised learning extracts information from
unlabeled training data sets. Therefore, the unsupervised learning is mainly for clus-

tering problem, while not for regression and classification problems like supervised
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learning [I3]. Unsupervised learning essentially analyzes the feature extractions and
selections of unlabeled training data sets. There are many state-of-the-art unsu-
pervised learning algorithms, such as K-Means, Hierarchical Clustering, Principal

Component Analysis (PCA), Self Organization Maps (SOM), etc [10].

Hierarchical Clustering

There are three categories of clustering techniques, and they are hierarchical-based,
partitional-based and Bayesian-based. In hierarchical clustering technique, successive
clusters are determined by its previously established clusters. There are two kinds of
sub-groups in hierarchical clustering based on propagation directions. One is called
“Top-Bottom” architecture that means smaller successive clusters are further divided
from larger previous clusters. Another architecture is followed as “Bottom-Top” that

means larger successive clusters are aggregated from smaller previous clusters.

1. Top-Bottom:
Start with all data in one cluster, the root.
Split the root into several children clusters, and each child is further recursively
divided.

Stop when each cluster contains single data.

2. Bottom-Top:
Start with bottom single data.
Merge the most similar data into one cluster, and most similar clusters into a
new cluster.

Stop when all the data are merged into one single cluster.



2.1 Machine Learning 39

The similarity of two adjacent data or clusters can be monitored by Euclidean dis-
tance, Manhattan distance or Minkowski distance. A larger distance means that the

similarity is less between each other.

The Euclidean distance is defined as follows:

dist(z;, z;) = Z(x(k) — $§k))2 (2.32)

The Manhattan distance is defined as follows:

dist(x;, x;) Z |x - x (2.33)

The Minkowski distance is defined as follows:

=

dist,(x;, z;) (Z \x(k §k)|p> ’ (2.34)

where p is a positive integer.

K-Means

K-Means algorithm of clustering was first proposed by MacQueen in 1967, and it is
a type of partitional clustering technique using the centroid approach. There are K
centroids (i.e. K clustering) spread out in the data space, and each centre of one
cluster is called a centroid, and it is calculated by the mean of this particular cluster
of data among the data space [40], The pseudo-code is illustrated in Algorithm .
There are some stopping criteria to be noted as well in the pseudo-code. In order to

differentiate whether the iterations have converged, one uses the positions of centroids
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to indicate. If the positions of centroids are not changing or changing at a very
minimal level, then the iterations can be stopped and the clusters are indicated as

having converged.

Similar to neural networks, the input training datasets X are following the data
structure as below. There are m different datasets and each dataset consists of n

features.

Data Structure

T11 Ti2 - Tin

To1 T22 - Tan
X =

Tmi Tm2 - Tmn

Algorithm 3 K-Means

1: Input: X
2: Choose K random data from X as initial centroids.
3: while(stopping criteria not satisfied)
4
5

Assign data into their nearest centroid clusters.
Euclidean distance can be calculated as follows:

n

6: dist(xi, ;) = ([ > (i — k)2
k=1
Re-calculate centroids with current data clusters.
8: endwhile
9: Stop.

There are many advantages in K-Means algorithm. First, it is a linear algorithm
under O(tkm), where ¢ is the number of iterations, & is the number of clusters and m
is the number of data points. Second, it is easy to implement due to its simplicity and
efficiency. However, there are some limitations as well. For instance, the clustering
results will be heavily impacted by outliers or mis-leading data, since the algorithm
considers every single data for clustering. Moreover, the initial randomly selected

centroids will be leading to significantly divergent clustering results. Even though
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there are drawbacks in the K-Means algorithm, it is still the most popular clustering
algorithm and there is no clear evidence showing that any other clustering algorithm

performs better in general.

Principal Component Analysis (PCA)

Principal Component Analysis (PCA) is a statistical procedure that uses an orthog-
onal transformation to convert a set of observations of possibly correlated variables
into a set of values of linearly uncorrelated variables [69], and the linearly uncor-

related variables are called principal components. The pseudo-code is presented in

Algorithm [4

Algorithm 4 Principal Component Analysis (PCA)

Input: X

Output: X'

Standardize X into Xg by means centering.

Compute covariance matrix (C) of the standardized data Xj.

Compute eigenvalues (D) and eigenvectors (V) of the covariance matrix.
Rank D and V in descending order of eigenvalues into D* and V*.
Transpose V* and reduce k rows from bottom into Vpca.

T
8: Calculate decomposed data: X' = (VPC A" XT)
9: Stop.

The m datasets with n features are formulated as matrix X below. The mean values of
different features are calculated and presented in matrix pu, and the basic formulation

is illustrated as follows [2].

Data Structure
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T11 T12
T21 T22
X =
_xm,l xm,Z
(551,1 - ,Ul)
(5U2,1 - ,Ul)
XO -

Tin
Ton 1 m
= |fh Lo Mn] , where iy = — > i
i=1
mm,n
(371,2 - ,Lbz) (Jil,n - ,Un)
(552,2 - ,uz) (l'zm - Mn)
(xm,n - Mn)_

(Im,l - Ml) (xm,2 - M2)

Covariance matrix of the standardized data Xg:

1
C:—'XOT'XO

m

(2.35)

Eigenvalues and eigenvectors of covariance matrix C:

A0

0 X
D =

0 0

0

Rank D and V in descending order of eigenvalues, we get D — D*, V — V*.

Transpose the ranked eigenvectors V* and reduce k rows of vectors from bottom:

Vl(l) ‘/2(1)
2
VoT Vl()

= Vpca =

‘/1(1) ‘/2(1) Vn(l)
‘/1(2) VQ(Q) n(Q)
‘/1(71—16) sz(n—k) Tgn—k)
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Reduce k features (dimensions) from n features (X — X'):

T
X = (VPCA : XT> (2.36)

The data obtained in X' is the standardized and linearly uncorrelated data with &
feature reduced. The data X' is orthogonally decomposed and transformed into a
lower dimension space. Thus the PCA algorithm essentially achieves the purpose of

features’ dimension reduction.

2.1.4 Reinforcement Learning

Besides supervised and unsupervised learning techniques, another main branch of
learning techniques is reinforcement learning (RL). The reinforcement learning is
most similar to our natural processes of learning. There are agent and environment
that will interact with each other [73]. The agent is like a human being, who is
responsible to take actions towards the environment. The environment receives the
corresponding actions and generates reward or penalty back to the agent, while it also
changes its current state accordingly. It is like teaching a baby to perform correct
doings by providing some candy or fruit as a reward, and punishing the baby by

taking aways some candy or fruit as a penalty if some wrong deeds are conducted.

In the domain of reinforcement learning, returns are the summation of rewards. The
agent will adjust its strategy accordingly to achieve maximum returns in the long-term
[73]. The returns (R;) at time ¢ are defined as follows:

inf

Ri=rip1+7 T2 +7° s+ - = Z’Yk'rwkﬂ (2.37)
k=0
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where v is the discount rate in the range of [0, 1].

There are three classifications regarding on different ranges of . For v = 0, the agent
is called “myopic agent” that only maximizes immediate rewards. For 0 < v < 1,
R, is a finite sum as long as the series {ry} is bounded. For v — 1, the agent is a

farsighted agent that takes future long-term rewards more strongly into account.

According to the theory of reinforcement learning rooted in Markov Decision Process
(MDP), a policy (7(s,a)) is a probability distribution with respect to action (a) under

state (s). The State-Value function under policy 7 is shown as follows:

V™(s) = EW{Rtlst = 5}
inf

= Ew{ ZVk Tepkr|Se = S} (2.38)
k=0
=> w(s,a)y P (R?S, 4y - V”(s'))

The Action-Value function under policy 7 is presented as follows:

Qﬂ‘(57a) = Eﬂ'{Rt’St =S,a; = a}
inf

= Ew{ ZV’C : Tt+k+1|=5‘t =S,as = Cl} (2.39)
k=0
=> P (R?S, + - V“(s’))

In reinforcement learning, an optimal solution is obtained if there is a policy ()

found that it can achieve the maximum level of rewards over a long-term running.

Therefore, the optimal State-value is V*(s) = max V7™ (s) for Vs € S, and the optimal
s

Action-value is Q*(s,a) = max Q™ (s, a) for Vs € S,Va € A(s) [73].
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In order to locate an optimal policy solution, there are a series of policy iterations to
be conducted. It consist of policy evaluation and policy improvement in each time of

iteration. The pseudo-code [73] of policy iteration is illustrated in Algorithm [f]

Algorithm 5 Policy Iteration
1: 1. Initialization:

2: V(s) € R, (s) € A(s) arbitrarily Vs € S.
3: 2. Policy Evaluation:

4: Repeat

5: A+0

6: for each s € S:

7 v V(s)

8: V(s)« > P;gs) (RZS(/S) + - V(s)

9: A+ max(A, v —V(s)|)

10: Until A < 0, where 6 is a small positive number
11: 3. Policy Improvement:

12: policy stable < true

13: for each s € S:

14: b <+ 7T(S)

15: 7(s) < arg méxxz P2, (Rgs, +7- V(s')>
16: If b # 7(s), then policy stable < false.
17: If policy stable is true, then stop;

18: Else go to section 2.

19: Stop.

2.1.5 Summary

In this section, we have examined different and widely applied machine learning tech-
niques, such as supervised learning, unsupervised learning and reinforcement learning.
The supervised learning mainly covers linear regression, polynomial regression, logis-
tic regression, k nearest neighbors, neural networks, etc. The supervised learning can
provide a higher accuracy in labeled data sets for training, compared to unsupervised

learning in classification or clustering problems. It is mainly discussed over hierarchi-
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cal clustering, k means, principal component analysis, etc in unsupervised learning.
As for the reinforcement learning, the basic principles of policy evaluation, policy im-
provement and policy determination are illustrated, and agent-environment loops of
action-reward are discussed. The theory and application methods of different machine

learning techniques are elaborated with respect to different types of problems.
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2.2 Thermal Comfort

In this section, different approaches of evaluating indoor thermal comfort sensations
are examined. The approaches examined are based on environmental and physiologi-
cal occupant models, and also data-driven machine learning models. The data-driven
models can be further divided into three groups. The first group uses only the envi-
ronmental parameters to train thermal comfort models [26]. The second group uses
only occupant parameters to train thermal comfort models [21]. The last group is a
hybrid model that can be trained by environmental and occupant parameters [95].
The environmental parameters in the hybrid models are to be used as a tuning factor
to adjust thermal comfort model more accurately. In this study, only the first and

second groups are elaborated and discussed in details.

2.2.1 Introduction

Generally, people spend about 90% of their time staying in indoor environment [56].
A thermally comfortable environment would make occupants more productive and
healthier for both workplace and home. According to the ISO 7730 standard, the
definition of “thermal comfort” is that of “the condition of mind which expresses
satisfaction with the thermal environment” [6]. However, the evaluations of thermal

comfort are far more complex than this simple definition.

There are many parameters to be considered environmentally and physiologically in
order to thoroughly describe the conditions of thermal comfort in an environment [6].
Environmentally, there are parameters such as air flow rate, temperature, humidity,
pressure, velocity, solar radiation, light, air quality, noise, etc. Physiologically, the

condition of occupants matters and it can impact their thermal comfort satisfactions.
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These include the activity levels of occupants, clothing status, genders, etc [74].

2.2.2 Passive Approach

The passive approach to explore thermal comfort sensations is by using objective
environmental conditions. The environmental conditions generally consist of air field
conditions, radiation conditions and occupant objective conditions. As for air field
conditions, there are many parameters to be considered, such as air flow rate, air
temperature, air relative humidity, air quality, air pressure, air velocity, etc [6]. The
radiation conditions are basically the result of solar radiation of the day. Thus, there
is a need to also include the occupant objective parameters, such as clothing factor,

metabolic rate, activity level, etc [6].

The most famous and well adopted approach was originated from P. O. Fanger in
1970s [26], 42} [72]. He proposed innovative Predicted Mean Vote (PMV) model and
Predicted Percentage of Dissatisfied (PPD) model to predict thermal comfort sensa-
tions of occupants from a series of physical laws and large amount of occupant surveys
[26]. Based on the study, there are two conditions to be satisfied so as to be thermally
comfortable for occupants. Condition 1 is a sense of thermal neutrality achieved from
skin temperature and the body’s core temperature. Condition 2 is the heat balance of
a body, which means the heat generated by metabolic processes of the body is equal

to the heat lost from the body [76].

According to ISO-7730:2005, the Fanger’s PMV model [75] is elaborated as follows:

PMV = (0.303 L@ 0036M 0.028) : (M —-W - Q) (2.40)
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where

Q - de’ff + Qevap + Qrespa
Quaifr = 3.05x 1073 {5733 —6.99- (M —W)— Pa} -1

I

{Td —35.7+0.028 - (M — W)] ,
Qevap =0.42- (M -W - 5815),
Qresp = 1.71 x 107 - M - (5869 — P,) +0.0014 - M - (34 — T,),
T, =357-0.028-(M—W)— Icl{3.96 X 1078 fy - {(Td +273) — (T, + 273)4} -
fcl : hc : (Tcl - Ta)}y

2.38 - |T,; — Ta|'/*

12.1-1V,

1.004+1.29- Iy, (Iq < 0.078m2K/W.)

h, = max

fcl -
1,05+ 0.645 - Iy, (Ig > 0.078m2K /W)

P,=6.11. B 0xirity.

PPD = 100 — 95 - 6—(0A03353~PMV4+0.2179~PMV2) (2'41)

In Eq. of the PMV model, Qs is the heat loss by diffusion of an occupant,
and Qevep and Qyesp are the heat losses by evaporation and respiration processes
respectively. The Predicted Percentage of Dissatisfied (PPD) model in Eq. is
highly related to the PMV model. However, due to different people and environmental
conditions, the models of PMV and PPD have to be calibrated so as to achieve better

performance.
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2.2.3 Active Approach

The active approach to examine thermal comfort sensations is through the evaluations
of subjective occupant conditions |21, [71], [83]. The information of subjective occupant
conditions are gender, clothing, skin temperatures of different spots of the body,
blood pressure, etc. Furthermore, the gradient of such physiological parameters can
also be parts of the important information [16] [32]. After a large amount of research
[52], it has been shown that skin temperature is the most significant physiological
parameter to the thermal comfort sensations of occupants [19]. In addition, its first
order gradient is also an important input for providing the rate of change and its

changing trends.

There are many skin spots that have been evaluated for thermal comfort sensations
in the previous studies and they are as shown in Figure 2.4, According to the fig-
ure, each spot of the skin is labeled as “A: forehead, B: chest, C: upper arm, D:
back, E: abdomen, F: elbow, G: hand, H: anterior thigh, I: anterior calf, J: foot”

correspondingly.

Figure 2.4: Human Skin Spots for Thermal Comfort Sensation Evaluations [53]
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For the active approaches, they can be further divided into two general groups of
multiple skin-spot and single skin-spot approaches [I7]. The multiple skin-spot ap-
proach basically transfers multiple skin temperature into a single weighted average of
skin temperature [89]. For example, Liu et. al. [53] had used this approach via Eq.
242

Tsk = 0‘06Tf07‘6h8ad + O‘O8Tuppe7"arm + 0'06Telb0w
+ 0.05Thana + 0.12T a0k + 0.12T st (2.42)

+ 0.12T sodomen + 0-19T1ign + 0.13Tsars + 0.07T o0

The single skin-spot approach is normally utilizing the skin temperatures of wrist
or the hand’s back parts and their corresponding gradients as research had shown
the significant improvements on thermal comfort sensation modelings. Besides skin
temperature, there are many other physiological parameters to be addressed, such as
hight, weight, gender, etc [74]. These parameters are used to further standardize skin

temperature and to keep the features more generally comparable.

Since some physiological parameters (i.e. height and weight) are also important to
skin temperature, a normalization factor is developed as well for better data repre-

sentations as Eq. shows, and the normalized skin temperature is calculated as

Eq. 2:43

Tsk - Thcmd

T - Tsk
sk,norm — A
norm

(2.43)
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where

Anorm = (1 - Icl) . Adu
(2.44)

Ay = Weight®™1?® x Height® ™ x 0.203

2.2.4 Summary

In this section, different approaches for thermal comfort evaluations are examined.
There are two approaches to evaluate thermal comfort levels, namely passive and
active approaches. The passive approaches extract the information largely from envi-
ronmental parameters, such as air temperature, air flow rate, air velocity, air relative
humidity, air pressure, etc. The active approaches predict thermal comfort sensa-
tions by measuring the physiological parameters of occupants directly. The passive
approaches are non-intrusive to occupants, however, they generally involve high cost
of sensory implementation and measurement. The active approaches are easy to im-
plement, but the personal physiological data of occupants may be at risk of exposure.
But this cannot prevent the active approaches from becoming a promising and fea-
sible technology in real applications, especially when one can proposed a simple and

easily implementable physiological measurement through secure data channels.
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2.3 Optimization Algorithms

In this section, different optimization algorithms are examined and discussed. The
optimization algorithms are grouped into three categories, namely nature-inspired,
Bayesian-based and analytical algorithms. In the category of nature-inspired algo-
rithms, some famous algorithms examined are the genetic algorithm, particles swarm
optimization and augmented firefly algorithm [85]. In the category of Bayesian-based
algorithm, a special Bayesian Gaussian Process optimization are evaluated [61]. Last-
ly, the analytical method algorithms such as gradient descent methods, quadratic

optimization are examined [11].

2.3.1 Introduction

There are many optimization theory and algorithms for solving optimization prob-
lems. Most of practical problems that we face are not solvable through analytical
methods [I1}, 23]. Therefore, probability-based and numerical-based methods can be
used as alternative approaches for solving highly non-linear, discrete or continuous

optimization problems [81].

2.3.2 Genetic Algorithm

The genetic algorithm (GA) that was developed by John H. Holland and his col-
leagues in 1970s [38] is one of the most widely applied algorithms. The basic idea
of genetic algorithm is based on the evolutionary theory of Charles Darwin’s natural
selection. According to Darwin’s theory, the biological evolution consists of opera-
tors like crossover, mutation, recombination and selection. These operators in genetic

algorithms are essential components to mimic the natural process of biology.
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According to the schemes of genetic algorithm, the procedures can be briefly illus-
trated as follows: 1) define cost function, 2) define fitness function, 3) create initial
population, 4) perform iteration or evolution to generate new population by crossover,
mutation and recombination, 5) decode the final solution based on selection criteria.

To be more specific, the pseudo-code is as presented in Algorithm [6]

Algorithm 6 Genetic Algorithm
Define objective function
f(X)> X= (561,132, T 7xd)T
Encode solutions into chromosomes
Define fitness function
F  f(x) for maximization problems
Generate initial population
Initialize crossover(p.) and mutation(p,,) probabilities
while ¢t < Maz_Generation:
Generate new solutions by crossover and mutation
Accept the new solutions if fitness values increase
Select current best solution for the next generation (elitism)
Update t <t +1
endwhile
: Visualization results
: Stop.

e e e e
A S

As mentioned previously, there are three main essential operators and they are crossover,
mutation and selection. For crossover, it operates the swapping between chromosomes
which means mixing partial solutions happen over this operation under a probability
Pe. Similarly for mutation, it performs the information changes of chromosomes which
means solutions change randomly under a probability p,,. This operation can avoid
being trapped into a local optimum. Moreover, the selection operator follows the
principle of Darwin’s “fittest of the survival”, and it operates as a natural selection
process over the population or solutions. The fittest solutions will be the survival into
the next generation. After a few number of generations, solutions will be converging

to the final output results.
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2.3.3 Particle Swarm Optimization

Particle swarm optimization (PSO) was firstly developed from nature inspiration by
Kennedy and Eberhart in 1995 [41]. The PSO is inspired by swarm behaviors in
biological activities, such as fish and bird schooling [85]. According to many reviews,
PSO has been applied into almost every field of optimizations, and there are many
transformed and hybrid versions of PSO as well, and the pseudo-code for particle

swarm optimization is illustrated in Algorithm [7]

Algorithm 7 Particle Swarm Optimization

1: Define objective function
f(x)v X = (1'1,[[‘2,"' y Ld
3: Initialize locations x; and velocity v; of n particles

B

)T

4: Find g* from min {f(xl), e ,f(xn)} (at t =0)

5. while (criteria):

6: for loop all n particles and all d dimensions:

7: Generate new velocity

s: Vit =vita-a(g —x) + 8- e - x)
9: Calculate new location

10: xt = xt 4 vit!

11: Evaluate new locations x:** by objective function
12: Find the current best for each particle x!

13: endfor

14: Find the current global best g*

15: Update t <t + 1

16: endwhile
17: Visualize results x; and g*
18: Stop.

The particle swarm optimization considers each particle as a solution to the particular
optimization problem. The particles (i.e. solutions) will be swarming or converging
into optima after numerous iterations. As Figure[2.5|shows, the particle ¢ will proceed

on many possible directions. However, it may be going toward current optimum z7,
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but it eventually will approach ¢* (i.e. global optimum).

possible O z
/ directions .

particle i k\‘\&

@,
Figure 2.5: Particle Swarm Optimization Principle

Based on the studies of X. S. Yang [87], particle swarm optimization can perform
outstandingly over many other optimization algorithms, such as genetic algorithm
and other conventional algorithms. However, there are still drawbacks, such as pre-
mature convergence and trapped into local optima. As mentioned by X. S. Yang
[87] in the book, many other methods, namely cuckoo search method and firefly

algorithms, also outperform PSO algorithms in many applications.

2.3.4 Firefly Algorithm

The study of nature-inspired optimization algorithms has been surging over the last
10-15 years. In the meantime, firefly algorithms (FA) have emerged since 2008 [87].
Due to their properties of efficiency and fast convergence, the research under this

topic has been very popular and have drawn significant attentions.

The first firefly algorithm is described in the published papers of X. S. Yang in 2008
[85, B6]. For simplicity, some rules are to be defined as follows: 1) All fireflies are
unisex, so the attractiveness of each other is regardless of sex; 2) Attractiveness is
proportional to the brightness of firefly. The brightness is decreasing as the distance

between each other increases. If there is no brighter one, fireflies will be wandering



2.3 Optimization Algorithms o7

randomly; 3) The brightness is governed by the objective function. The pseudo-code

of firefly algorithm is presented in Algorithm [§]

Algorithm 8 Firefly Algorithm

1: Define objective function

2: f(x), x = (21,29, ,24)7

3: Initialize population of n fireflies x; (i = 1,2,--- ,n)

4: Determine light intensity I; at x; by f(x;)

5: Define light absorption coefficient ~

6: while (t < Max_Generation):

7 for i = 1:n (all n fireflies):

8: for j =1:n (all n fireflies):

9: if ([Z < IJ)

10: Move firefly i to j

11: X = x4 By e 7T (x —xj) +a-¢
12: endif

13: Vary attractiveness with distance r by e’
14: Evaluate new solutions and update new light intensity
15: endfor j

16: endfor i

17: Rank fireflies and find current global best g*

18: endwhile
19: Visualize results global best g*
20: Stop.

Since the firefly algorithm belongs to swarm intelligence, it has similar advantages and
disadvantages as well. The firefly algorithm has two major advantages compared with
other swarm intelligence algorithms. These are 1) Firefly algorithm is based on at-
tractiveness, so the population can be automatically sub-divided into sub-populations.
Among each sub-population, the local optimum can be obtained. Moreover, the glob-
al optimum can be further located among all local optima in sub-populations [86]; 2)
Theoretically, all the local and global optima can be simultaneously located as long

as the population size is large enough for the problem [87].

With the above features, the firefly algorithm is particularly suitable for solving high-
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ly non-linear, multi-mode optimization problems. With these features, the firefly
algorithm can deal with clustering, classification, discrete, continuous and combina-
torial optimizations, and there are numerous extension versions of firefly algorithms
including the augmented firefly algorithms (AFA), which is proposed by the author

and will be further elaborated in later chapters to avoid duplication here.

2.3.5 Bayesian Optimization

Besides nature-inspired optimization algorithms as discussed above, Bayesian ap-
proach is another direction for solving optimization problems [12]. Bayesian opti-
mization has remarkable advantages in the objective functions that are expensive
to evaluate, especially in reinforcement learning and fields of planning [12]. This is
an optimization technique that looks for global optima through a black-box scenari-
0. Based on statistical probability and assumption of Gaussian random processes of
observed samples, Bayesian optimization can then be implementable. Bayesian opti-
mization applies the Bayesian technique of defining a prior over the objective function
and combining it with observed samples to get a posterior [12]. This technique uti-
lizes a utility-based selection of the next observation position, which considers both
exploration and exploitation. With the traits of Gaussian processes, it is suitable to
predict output based only on limited observed samples instead of know the knowledge

of analytical functions. The definition and derivations are presented as follows:

A Prior P on a function f(-) is a Gaussian Process prior, with mean function f(-)

and covariance function ko(-). Thus, for any given set of j observed samples, X =
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{xl,xg, ...,xj} under P, we have
f(x1) fo(X1) ko(x1,x1)  ko(x1,x%2) k'O(Xlaxj)
f(x2) N N( fo(X2) | ko(x2,x1)  Kko(x2,x%2) ko(x2,%;) (2.45)
| f(x5) ] Lo(x5) | [Fo(xj,x1)  ko(x5,%2) ko(x;, ;) |
where the mean function is defined as:
fio(x1) 0
Jo(x 0
el 10 [0] (2.46)
_MO(XJ‘ )_ _0_
and the covariance (kernel) function is defined:
1 2
ko(xi, %) = exp(=5o-Ix: — xI%) (2.47)
h
Let ) )
]fo(X1>X1) kO(XhXQ) ko(XhXj)
K] = ko(x2,%x1)  Kko(x2,X%2) kO(XZan) (2.48)
| Fo(xj,x1)  Ko(x;, x2) ko(x;, ;) |
Thus, Eq. can be further simplified as:
[f] ~ N ([0], [K]) (2.49)
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where

f(x1)

[f] = f():{Z) (2.50)

f(x5)

Since Gaussian distribution applies to all in Domain, any given x* € Domain satis-

fies:
0|l [0 W .
f(x) prl | KT]OR
where _ .
k’o(Xl,X*)
= [P e (2.52)
_kg(xj,x*)_

Given Eq. the solution f(x*) follows a Gaussian distribution using Sherman-

Morrison-Woodbury formula [61] as given below:

fxT) ~ N (p", 57) (2.53)

where
pt= [k [K7 - [g]

S =k — (K] KT - (K]

(2.54)

Based on Eq. [2.53] the solution f(x*) can be determined with the observed sam-

ples. The pseudo-code of Bayesian optimization is presented in Algorithm [0 Since
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Bayesian optimization is rooted only from observed samples, and it provides solutions
according to Gaussian processes without knowledge of the prior probability distribu-
tion of population, it has great advantages over other optimization algorithms with

the help of data increments [61].

Algorithm 9 Bayesian Optimization
1: Obtain initial observed samples (x, f(x))
2: while (stopping criteria not satisfied):
3 a) Calculate Bayesian posterior distribution from (x, f(x))
4: b) Estimate the next observation using posterior distribution
5
6

: endwhile

: Report the point with the best estimation (x*, f(x*)) based on the most recent
posterior distribution

: Stop.

EN|

2.3.6 Gradient Descent Algorithm

Different from previous nature-inspired and Bayesian optimization algorithms, gra-
dient descent (GD) algorithms utilize the gradient property of function analytically
to slide into smooth optima [80]. Since this analytical algorithm knows the exact
direction of the next movement with the knowledge of its gradient, the algorithm
can converge remarkably fast. For the gradient descent algorithm given in Algorithm
[10| the stopping criteria generally follows the format of ||V f(x)||, < €, where € is

user-defined small and positive number.

Due to the particular starting point defined, some drawback are introduced as well.
First, the converging process would be relatively slow. For instance, if the starting
point is selected very far from the optimum and the step size is relatively small, then
the updating process would take a much longer time to finally converge. Second, if

the step size is too large, then the solution would not be able to converge, and it
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would be oscillating over a domain. Third, if the optimization problem has more
than one optima (i.e. existing local optima and global optimum), and the starting
point is not well defined, then the final converging solution would be trapped into

local optima easily.

Algorithm 10 Gradient Descent Algorithm

1: Define function f(x)

2: Define starting point x* = x;

3: Define step size n

4: while (stopping criteria not satisfied):

5: a) Calculate gradient at starting point: Ax = V f(X) |x=x
6: b) Update the point: x* = x* —n - Ax

7. endwhile

8: Report the point with the best solution (x*, f(x*))

9: Stop.

2.3.7 Quadratic Optimization

In quadratic optimization problems, general constrained problems can be formulated
into the following matrix form [11]:

- _ T
I;lelgrzlf(x) =cx + x Dx

st. Ax<b (2.55)

x>0

where x € R” and A € R™*"  and the objective function f(-) : R" — R is over a

defined domain €.

In order to search for optimal solutions in quadratic optimization problems, the
Karush-Kuhn-Tucker conditions must be satisfied. The constrained conditions are

formulated as a conditional function, g(x) = Ax — b. Here, a Lagrangian function is
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stated as follows:

L(x,A) = f(x) = Ag(x)

= f(x) = Mgi(x) = Aaga(x) — -+ = Mg (%)

(2.56)

where A is a set of Lagrangian multipliers along with constraints.

Due to Lagrangian multipliers, the optimal solutions x* have to satisfy the conditions

with corresponding optimal A* as follows:

VxL(x*,A*) =0

VaL(x*,A*) =0 (2.57)

In matrix form, the optimal solutions (x*) and the corresponding Lagrangian multi-

pliers (A*) can be obtained as follows [11]:

x* 2D AT c’
A* A 0 b

2.3.8 Summary

In this section, different categories of optimization algorithms are examined. There
are nature-inspired algorithms, which include genetic algorithm, particle swarm opti-
mization, firefly algorithm and the newly proposed augmented firefly algorithm. The
genetic algorithm is based on three operators of crossover, mutation, recombination

and selection. The existence of these operators can prevent the solutions from being
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trapped into sub-optima. The particle swarm optimization outperforms genetic algo-
rithm and other conventional algorithms in terms of computation complexity. How-
ever, it can be easily trapped into sub-optima. The firefly algorithm and augmented
firefly algorithm can perform even better on highly non-linear, multi-mode optimiza-
tion problems. It can automatically divide the population into sub-populations due
to its unique property of attractiveness. Bayesian optimization approaches can solve
for solutions without the knowledge of analytical functions. The observed data is as-
sumed to follow Gaussian processes, and the optimization can be used as a real-time
data-driven optimization approach, and its accuracy increases as the prior observed
data increases. The gradient descent algorithm is one of the most commonly used
analytic methods in solving convex optimizations. It has its own traits namely fast
convergent, easily implementable, while it also has drawbacks which are over-shooting

oscillation and sub-optima trap.

To better understand and address the complex coupling and correlations of energy
consumption of buildings with environmental condition control of buildings and ther-
mal comfort of occupants, there is a need to deploy an array of practical approaches
to tackle the issues of modeling, control and optimization. It is believed that ma-
chine learning can provide effective perspectives for modeling physically complex and
multiply coupled systems, and air-conditioning and mechanical ventilation (ACMYV)
system is one of such system. Thermal comfort studies with machine learning will
also provide new approaches to examine suitable comfort levels. Thermal comfort
models optimized with machine learning can be readily utilized together for high per-
formance of predicting thermal comfort levels of occupants. Optimization algorithms
contribute to the location of solutions in the domain of complex coupling, and they

can be realized in real applications and not just restricted to mathematical proof of
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effectiveness.

Based on state-of-the-art studies of machine learning, thermal comfort and optimiza-
tion algorithms, the thesis attempts to push the study boundaries forward and reduces
the gaps in the understanding and realizations of modeling, control and optimization
of complex ACMV systems. Then, the objectives of realizing smart and energy effi-

cient buildings can be achieved.






Chapter 3

Methodology

- Modeling/Optimization of Energy Consumption and Thermal Comfort

3.1 Introduction

Heating, ventilation and air-conditioning (HVAC) systems are necessary apparatuses
and they are widely used in modern commercial and residential buildings [31], [56,
64, [65], [78]. Bearing to meet different outdoor environmental conditions, the HVAC
systems are deployed from the arctic to equatorial regions all over the world with dif-
ferent capacities from heating to cooling respectively. While in tropical regions, such
as Singapore, heating capacity is not a necessary demand compared with cooling.
Therefore, air-conditioning and mechanical ventilation (ACMYV) systems are adopted
in this thesis study. Statistically, energy consumption of ACMV systems is about
40% — 60% of the total electricity generated from power plants [3, 43, 511 [79, 88].
Under current huge demands of ACMV systems, it would significantly impact on the
worldwide climate change and put great stress on currently available energy resources.
Therefore, it is imperative to develop energy-efficient ACMV systems through accu-
rate modeling and optimization [7, 14 [99], so that the available energy resources can

be more efficiently utilized.

People are spending about more than 90% of their time indoors these days and the in-
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door environmental conditions directly affect occupants’ thermal comfort [44]. The in-
door environmental conditions are maintained by ACMV systems throughout. Thus,
the relationship between ACMYV systems and occupants’ thermal comfort should be
examined thoroughly through various evaluation techniques. However, the thermal
comfort is a very subjective term that differs from person to person. Therefore, suit-
able quantification of the subjective occupants’ thermal comfort is a definite path to

achieve good evaluations.

In this chapter, the methodologies of modeling energy consumption and indoor ther-
mal comfort will be presented, and the balancing problem of energy consumption
and thermal comfort will be formulated into a multiple-objective optimization prob-
lem [61, 66]. On energy consumption models, several data-driven approaches are
discussed. They are essentially different Neural Networks (NN) [29, 49, 50]. The
theoretical backgrounds and applications are analyzed, so that the optimizations for

low cost functions can yield good evaluation results for energy saving [48].

In order to model energy consumption and indoor thermal comfort, a data acquisi-
tion system and a control system have been developed. The systems are presented in
Figure [3.1] For the data acquisition system, the air related sensors are mounted to
the air duct and ambient environment, and building wall surface sensor and occupant
sensors are mounted to the wall of thermal laboratory and the back of the hand of
occupant, respectively. The aggregated sensory data are collected through multiple
Arduino Uno boards. The Arduino Uno boards can convert analog sensory signals
to digital signals and transmit the sensory signals through serial ports to stand-alone
computers, Raspberry Pis. The stand-alone computers can visualize and store the
real-time sensory data for further model trainings and control algorithm implemen-

tations. For the control system, the main PC runs control algorithms to control
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the operations of air-conditioning and mechanical ventilation (ACMYV) systems by
signaling the variable frequency drives (VED) of supply air fan motor, water pump
and compressor. The VFDs drive the corresponding electric appliances by altering
the supply voltage frequency. Since the condenser operates constantly at its rated

operating condition once it starts, it is just controlled by on/off modes.

‘ Air Temperature (Duct) Sensor }f

L —
‘ Air Humidity (Duct) Sensor }» N Python/
/ TCP/IP Scripts

‘ Air Velocity (Duct) Sensor %/,,,,,, o

TCP/IP
Comm

‘ Air Temperature (Ambient) Sensor

},

Arduino Uno

Main PC

Aggregate Inputs Signals
(Analog and Digital)

‘ Air Humidity (Ambient) Sensor

NI Communication
Interface

VFD |——{ Supply Air Fan Motor |
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VFD || compressor |

Control System

‘ Air Velocity (Ambient) Sensor } 1Seria| Comm

Surface Temperature Sensor —

‘ Skin Temperature Sensor %

ks
i

Raspberry Pi 2
Data Acquisition
Data Visualization
Data Acquisition System Data Storage

Figure 3.1: Data Acquisition System and Control System

In the section on constructing the indoor thermal comfort models, two different types
of methodologies are illustrated, namely passive and active approaches. The pas-
sive approaches are mainly based on the studies of P.O. Fanger [6] and many great
successors [44], 68, [82]. The quantifications of thermal comfort are based on physi-
cal laws of heat transfer. The heat transfer can be calculated through environmental
parameters and some occupant parameters. The environmental parameters cover am-
bient air temperature, ambient air velocity, air relative humidity and mean radiant

temperature, while occupant parameters are metabolic rate and clothing insulation
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factor [6l, 98]. The active approaches directly utilize occupants’ physiological param-
eters to predict their indoor thermal sensations [21]. The physiological parameters
consist of hight, weight, gender, age, metabolic rate, exposed skin surface area, skin

temperature, blood pressure, etc [20], 60, [74, [96].

In the section on problem formulation and optimization, the main objective is to
formulate and optimize cost functions or objective functions with goals of enhancing
the performance of ACMV systems and the thermal comfort levels of occupants [§],
22, 28, 30], 47, [55]. Therefore, the objective functions for smart buildings will utilize
the knowledge of energy consumption of ACMV systems and indoor thermal comfort
sensations [4, [15], 18, 24], 27, [36, 58]. Plus, a user-preference coefficient is proposed
for adjusting the objective functions according to different user preferences in real
applications [35] 54, [67]. Different optimization algorithms have been investigated.
There are three categories of algorithms discussed, namely nature-inspired algorithms,

Bayesian optimization and analytical algorithms.

Before model methodologies of energy consumption and thermal comfort, a general
experimental procedure is described. For experiments of evaluating energy consump-
tion of ACMYV systems, the operating frequencies of supply air fan motor, compressor
and water pump were tuned and recorded from 30 Hz to 50 Hz. The VFDs are
configured to vary frequencies from 0 Hz to 50 Hz. While the frequencies below 30
Hz are not operable to drive apparatuses in thermal laboratory. The energy con-
sumption of ACMV systems was recorded correspondingly by a power meter. In
addition, the ambient/duct air temperature, ambient/duct air relative humidity and
ambient /duct air velocity were also recorded concurrently in data acquisition sys-
tem. For experiments of evaluating thermal comfort of occupants, the subjects were

asked to follow a standard activity level, either general offices duty (case 1) or lec-
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ture theatres/conference rooms (case 2). The experiments were carried out for 40
minutes for each experimental subject in thermal laboratory. The first 20 minutes
were cooling experiments (duct air temperature around 18 °C'), and the second 20
minutes were normal experiments (duct air temperature around 24 °C'). The occu-
pants were given questionnaires to reflect their thermal comfort sensations every 10
minutes. Throughout the experiments, the environmental parameters (ambient air
temperature, ambient air relative humidity, ambient air velocity and clothing insula-
tion factor) and the physiological parameters (activity level, skin temperature, height
and weight) were concurrently collected in data acquisition system for further data

analysis and modeling.

Since the ACMV systems are set up in Singapore (a tropical country), the experiments
mainly focus on cooling capacity of ACMYV systems. The latent cooling load basically
refers to the wet bulb temperature of the building, and the sensible cooling load refers
to the dry bulb temperature of the building. The sensible heat profile of the thermal

laboratory can be calculated as follows:

hs = cppg AT (3.1)

where ¢, is the specific heat of air (1.006 kJ/kg°C), p is the density of air (1.202

kg/m?3), q is the air flow rate (m?/s), AT is the temperature difference (°C).

The rated RPM of supply air fan motor is 3000 rpm, and the variable frequency drive
(VEFD) adjusts the speed of motor by operating frequency linearly, thus the RPM of
motor is between 1800 rpm and 3000 rpm (30 Hz to 50 Hz). The rated air flowrate

is about 640 cfm (0.302 m?/s). According to the thermal laboratory profile during
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experiments and fan laws, the air flow rate follows the rule below:

Gunknown o VFDunknown
Gknown VFDknown

(3.2)

Therefore the air flow rate is between 0.1812 m?/s and 0.302 m?3/s. The temperature
of the thermal laboratory varies between 16 °C' to 24 °C', thus the profile of sensible

heat profile is between 1.753 kW and 2.921 kW.

In addition, the latent heat profile of the thermal laboratory can be examined as

follows:

hs = pqhwedwkg (33)

where p is the density of air (1.202 kg/m?), ¢ is the air flow rate (m3/s), hy. is the
latent heat evaporation water (generally 2454 kJ/kg at air atmospheric condition,
20 °C), dyky is the humidity ratio difference (kg-water/kg_dryair), which can be

determined by Mollier diagram presented in Figure 3.2

According to the experimental conditions, the h,. is selected as 2454 k.J/kg as the
condition is a general air atmospheric pressure (Singapore at sea level). The temper-
ature is cooled from 24 °C' to 16 °C in cooling process, and the specific humidity is
between 0.011 kg water/kg_dryair and 0.0067 kg water/kg_dryair by checking the
Mollier Diagram. With the range of air flow rate of 0.1812 m?®/s and 0.302 m3/s
as calculated above, the latent heat profile is between 2.298 kW and 3.83 kW. The
above calculations demonstrate the sensible and latent heat profiles in the thermal

laboratory.
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Figure 3.2: Mollier Diagram
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3.2 ACMYV Energy Consumption Modeling

In this section, the modeling of energy consumption of ACMYV systems is presented.
Since the operation conditions of ACMV systems have direct impacts on the energy
consumption as well as the built environment, the correlation study between operation
conditions and energy consumption will offer an important perspective. The operation
data of ACMV systems were collected and recorded through experiments. The ACMV
systems consist of the following units: Air Handling Unit (AHU), Water Chiller Unit
(WCU) and Liquid Dehumidification Unit (LDU) as shown in Figure 3.3} The main
energy consuming apparatuses are supply air fan motor (AHU), compressor (WCU),
water pump (WCU) and condenser (WCU). In this study, the physical systems of
AHU and WCU are illustrated in Figure [3.4] and LDU is presented in Figure [3.5

In order to operate ACMYV systems versatilely, Variable Frequency Drives (VFD)
are applied to supply air fan motor, compressor and water pump. The condenser
is not operated by variable frequency drives (VFD), and it works continuously at
its rated operating condition once started. Traditionally, the energy consumption
of AHU and WCU is examined by power meters measuring currents and voltages,
which make the systems complex and not real-time. Therefore, an ML-based energy
model has been proposed to predict energy consumption in real-time and without
increasing the systems’ complexity. Thus, the whole study are centered around the key
control parameters which are the operating conditions of three components, namely
the supply air fan motor, compressor and water pump. In addition, the models of

supply air fan motor, compressor, water pump, condenser and power meter are listed

in Table [3.1, and the corresponding VFD devices are given in Table

The thermal laboratory is the place where experiments were conducted, and it was
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Figure 3.3: Air-Conditioning and Mechanical Ventilation Systems



76 3.2 ACMYV Energy Consumption Modeling

: AHU-Supply Air Chamber

: AHU-Cooling Coil
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Figure 3.4: Air-Handling Unit and Water Chiller Unit

Table 3.1: Electric Appliances of ACMV Systems

Appliance Model Specification
Supply Air Fan Motor TECO INVERTER MOTOR AEHLVS 3P: 0.75 kW (Rated)
Compressor BITZER 4CES-6Y-40S 3P: 9.7 kW (Rated)
Water Pump SAER ELETTROPOMPE CMP /76 3P: 0.76 kW (Rated)
Condenser WOLTER EKH 400-4 1P: 0.47 EW (Rated)
Power Meter YOKOGAWA IM CW240E 3P3W/1P2W

Table 3.2: Electric Appliances VED of ACMV Systems

Appliance Model Specification
Supply Air Fan Motor VFD ABB ACS510 3P: 380 — 480 V, 1.1 — 160 kW
Compressor VFD OMRON 3G3MX2-A4055 3P: 400 V', 5.5 kW

Water Pump VFD OMRON 3G3MX2-A4040 3P: 400 V, 4.0 kW
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Figure 3.5: Liquid Dehumidification Unit
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also one of the main set-ups in the School of Electrical and Electronic Engineering,
Nanyang Technological University, Singapore for studying the performance of ACMV
systems. The thermal laboratory has a dimension of 7.28m x 3.52m x 2.50m (length,
width and height). The thermal laboratory is isolated from the outside environment,
and air-conditioned solely by ACMV systems in the laboratory. Environmental sen-
sors are installed inside the thermal laboratory, and they monitor the environmental

conditions, such as air temperature, air velocity and air relative humidity, etc.

The models of energy consumption of ACMV systems are based on supervised learn-

ing. The model topology of neural networks (NN) is shown in Figure .

5 Energy
Consumption

Input ka Output
(3-feature) (ka-Hidden Neurons) (1-output)

Figure 3.6: Neural Networks - Energy Consumption

The models are established for monitoring and predicting energy consumption of
ACMYV systems. The training of neural networks is based on back-propagation and
convex optimization (basically batch/stochastic gradient descent approaches). The
objective is to minimize the cost function or loss function (i.e. mean squared er-
rors between model results and ground truth results) with respect to feature weights

that will be continuously tuned through back-propagation iterations as mentioned in
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Chapter 2. The parameter tuning process is basically solving a convex optimization
problem. Generally, Lagrange multiplier, Newton’s method and quadratic program-

ming can also be applied to solve this problem in the mathematics point of view.

Based on experimental data, the energy consumption of partially loaded chiller (i.e.
compressor and water pump) is analyzed. The visualization of experimental data is
presented in Figure[3.7] The experimental data shows that the energy consumption of
partially loaded chiller does not always increase with the increase of system operations.
This phenomenon is due to the coupling effects of compressor, water pump and supply

air fan motor.

—— Supply Air Fan 60% Partially Loaded
—— Supply Air Fan 70% Partially Loaded
—— Supply Air Fan 80% Partially Loaded
Supply Air Fan 90% Partially Loaded
—— Supply Air Fan 100% Loaded 8.0

060 065 070
: . 0.75  0.80
Compressor partially (3ageq ©%0 095 100 06058

Figure 3.7: Partially Loaded Chiller Energy Profiles

For the models of energy consumption aforementioned, some key assumptions of these

models are listed as follows:

e The models are merely associated with the operation conditions of ACMV sys-

tems.

e The weather conditions are not incorporated in the models of this study.

e The models are based on an assumption of uniformly distributed environment.
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3.3 Indoor Thermal Comfort Modeling

In this section, different approaches of evaluating on indoor thermal comfort sensa-
tions are illustrated. These approaches are based on physical laws and data-driven
machine learning techniques. The first group of approaches is largely using envi-
ronmental parameters to train the thermal comfort models. The second group of
approaches is only using physiological parameters to train the thermal comfort mod-
els. The last group of approaches is a hybrid one that can be trained by both en-
vironmental and physiological parameters. In this thesis, only the first and second
groups are discussed in details. To be consistent throughout the thesis, the approach-
es largely based on environmental parameters are called passive approaches, while

the approaches based on physiological parameters are called active approaches.

Figure 3.8: Thermal Laboratory (Left: Inside, Right: Outside)

The experiments were conducted in the thermal laboratory, located at School of
Electrical and Electronic Engineering, Nanyang Technological University, Singapore.

The views of inside and outside the thermal laboratory are illustrated in Figure |3.8|
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The experimental transducers are installed and utilized to acquire real time data.

The information of transducers is tabulated in the Table 3.3l

Table 3.3: Experimental Transducers

Parameter Model Specification
Air Temperature - Duct EE21-FT3B56/T07 Range: 0 — 60 °C, £+ 0.2 °C'
Air Temperature - Ambient AOSONG AM2302 Range: -40 — 80 °C, + 0.5 °C'
Air Relative Humidity - Duct EE21-FT3B56/T07 Range: 0 — 100 %, £ 2 %
Air Relative Humidity - Ambient AOSONG AM2302 Range: 0 — 99.9 %, + 2-5 %
Air Velocity - Duct TSI 8455 Range: 0.125 — 50 m/s, £ 2 %
Air Velocity - Ambient TSI 8475 Range: 0.05 — 0.5 m/s, £ 1 %
Skin Temperature Exacon D-S18JK Range: 0 — 50 °C', £ 0.1 °C
Surface Temperature PT-1000 RTD Range: -200 — 850 °C', £ 0.3 °C

For the models of thermal comfort (passive and active approaches) aforementioned,

some key assumptions of these models are listed as follows:

e The environmental parameters (ambient air temperature and ambient air ve-

locity and ambient air humidity) in passive approach are treated as uniformly

distributed for simplifying the models.

e The metabolic rate in passive approach is determined by checking activity-

metabolic rate table.

e The skin temperature in active approach is represented by the skin temperature

of the back of the hand.

e The questionnaires for the occupants are assumed to naturally reflect the subjec-

tive feelings which are not biased by the bulky and messy experimental devices.

The experiments are carried out in the thermal laboratory along with questionnaires

for the occupants. The questionnaire is attached in Figure 3.9 The feedbacks of
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occupants are treated as ground truths for evaluating and validating the models of

passive and active approaches.

Thermal Comfort Questionnaire

This questionnaire is part of study aiming to evaluate thermal comfort levels of occupant in the
experimental indoor environment. We appreciate your feedback, and keep your feedback
confidential. Please fill up and tick appropriately in the form.

1. Name: Gender: o Male o Female
2. Age: Height: (m) Weight: (kg)
3. Clothing

Please tick the corresponding wearing as you fill up this questionnaire in the Table 1 below.
If your wearing is not listed in Table 1, please describe in the blank space provided below.

Clothing Description:

4. Activity Level
Please tick the most suitable activity as you fill up this questionnaire.

o Seated / Writing, 1 met o Typing, 1.1 met
o Standing Relaxed, 1.2 met o Walking About, 1.7 met
o Light Machine Work, 2.2 met o Heavy Machine Work, 4 met

5. Thermal Comfort Level
Please tick the most suitable level as you fill up this questionnaire.

o+3 Hot o+2Warm o +1 Slightly Warm o 0 Neutral o -1 Slightly Cool © -2 Cool o -3 Cold

Clothing Description Remark
(Please tick appropriately)

Trousers + Short-sleeve shirt

Trousers + Long-sleeve shirt

Trousers + Long-sleeve shirt + Suit jacket

Trousers + Long-sleeve shirt + Suit jacket + Vest + T-shirt
Trousers + Long-sleeve shirt + Long-sleeve sweater + T-shirt
Knee length skirt + Short-sleeve shirt

Knee length skirt + Long-sleeve shirt

Knee length skirt + Long-sleeve shirt + Long-sleeve sweater
Angle-length skirt + Long-sleeve shirt + Suit jacket
Walking shorts + Short-sleeve shirt

Long-sleeve overalls + T-shirt

Overalls + Long-sleeve shirt + T-shirt

Sweat pants + Sweat shirt

Table 1: Clothing Description

Figure 3.9: Thermal Comfort Questionnaire
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3.3.1 Passive Approach

In passive approaches, the widely-adopted Predicted Mean Vote (PMV) model has
been implemented as thermal comfort sensation indicators. According to the PMV
model, there are seven parameters to predict thermal comfort sensations, and these
parameters are ambient air temperature, ambient air relative humidity, ambient air
velocity, mean radiant temperature, metabolic rate, clothing insulation and external

mechanical work done.

Table 3.4: Angle Factor Coefficients

State Position Frow A B C D E

Wall or Window facing person 0.118 1.216 0.169 0.717 0.087 0.052

Seated Floor or Ceiling facing person 0.116 1.396 0.13  0.951 0.08 0.055

Wall or Window facing person 0.12  1.242 0.167 0.616 0.082 0.051

Standing gy o Ceiling facing person 0116 1595 0128 1.226 0.046 0.044

The parameters of ambient air temperature, ambient air relative humidity and ambi-
ent air velocity can be obtained directly by transferring raw analogue voltage signals
into real physical terms, and they are further logged into database with respect to
corresponding operating conditions of ACMYV systems for neural networks modeling.
The mean radiant temperature is defined as uniform temperature of a black imagi-
nary enclosure that leads to same heat loss by radiant of the occupant. There are

two ways to determine this parameter.

The first method uses surface temperatures and angle factors to estimate the mean
radiant temperature [6]. The angle factors are calculated through the occupant states
(i.e. seated or standing) and dimensions of space according to REHVA Guidebook
No.7 [6]. The angle factor coefficients are shown in Table [3.4]
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The equations of calculating angle factors are presented as follows:

Tor = Y Fi- (Tay, + 273)* — 273
=1

> k=

=1

T(p) =A+B- (%)
(») (3-4)

b
e (8), o5 ()
€/ €/ (v

b
toere (e 2) (),
(») (p)

4
Fi=> Fyy
p=1

According to the dimensions of experimental zone (i.e. thermal laboratory), the
calculation matrix of six surface angle factors are given in Table and Table [3.6]
where a, b and ¢ are the corresponding surfaces of the experimental space. Therefore,

the mean radiant temperatures can be calculated correspondingly as Eq. [3.4]

The second method is based on air velocity, globe and air temperatures to estimate

mean radiant temperature. A series of equations estimate the mean radiant temper-
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Table 3.5: Calculations of Angle Factor (Occupant State: Seated)
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Table 3.6: Calculations of Angle Factor (Occupant State: Standing)
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ature as follows:

he
T, = Q/(Tg +273)4 + h’g (T, —T,) — 273
h,=¢€-0=0.95%x567x10%=538x10"8
(3.5)

6.3 - (%8)26’ (Forced convection)

0.25
1.4 - (%) , (Free convection)

g9

hc,g =

Compared with the first method, this method is much easier to estimate the mean
radiant temperature with less measurement costs. However, it has drawbacks since it
does not consider the 3 dimensional conditions in space. Therefore, it also normally

results in larger errors in predictions with respect to the first method.

3.3.2 Active Approach

Many researchers have shown that the skin temperatures have the most correlation
with thermal comfort sensations of occupants. In this study, our proposed approach
directly uses physiological parameters to model thermal comfort sensations of occu-
pants. According to the thermal comfort guidelines of ASHRAE Standard 55 2013,
the comfortable guideline of air temperature is between 19.4 °C and 27.8 °C', and
the comfortable guideline of air humidity is no more than 65%, and the comfortable
guideline of air velocity is between 0.05 m/s and 0.23 m/s [6]. The questionnaire
also follows the ASHRAE’s standard 7 categories of thermal comfort levels, namely
-3 (cold), -2 (cool), -1 (slightly cool), 0 (neutral comfort), 1 (slightly warm), 2 (warm)
and 3 (hot).
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The experiments in this study were carried out to examine 20 occupant subjects one-
by-one, and each subject had an monitoring period of 40 minutes. The environmental
parameters, physiological parameters and thermal comfort feedbacks of occupants
were recorded concurrently. During the first 20 minutes (cold scenario), the supply-
air temperature of ACMV systems was set at 16 °C' with normal ventilations. During
the second 20 minutes (general scenario), the supply-air temperature was switched to
24 °C' with normal ventilations. Before each experiment starts, the experimental room
had been prepared at the corresponding temperature for half an hour, so that the

room condition was considered as a suitable steady-state for conducting experiments.

The skin temperatures of occupant subjects were recorded every second, and their
gradients were calculated accordingly for training models of thermal comfort. Besides
skin temperature and its gradient, there are other physiological parameters to be ad-
dressed, such as height, weight, gender, etc. These parameters are used to normalize
the recorded skin temperatures and corresponding gradients. Since physiological pa-
rameters of height, weight and clothing factor (I;) impact on skin temperature from

person to person, a normalization factor is proposed by as follows:

Anorm = (1 - Icl) . Adu

Agu = Weight®™* x Height® ™ x 0.203

where Ay, is the Du Bois’s body surface area.

Hereby the normalized skin temperature is derived as follows for later data analyses
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and modeling;:

Tsk

Tsksnorm = 3.7
" Aorm ( )

In addition to the many results showing the significant correlations between the skin
temperature of the back of the hand and thermal comfort sensation, the gradient of
skin temperature is also a promising information that can significantly leads to differ-
ent thermal comfort sensations. Thus, the normalized gradient of skin temperature

is also derived as follows for later data analyses and modeling:

T
Tsk,grad,norm = Vt b (38)

Anorm

3.4 Problem Formulation and Optimization

In this section, optimization problems are described, and mathematical formulations
of the optimization problems are defined. In this thesis, the optimization problems
basically involve energy efficiency evaluations (EEE) and comfort sensation evalua-
tions (CSE) for smart buildings in Singapore. Furthermore, the energy are mainly
consumed by the centralized air-conditioning and mechanical ventilation (ACMYV)
systems. Furthermore, the ACMV systems also control and maintain the guaran-
teed indoor air quality that significantly influences the health and productivity of
occupants. Therefore, the optimization problems are narrowed down to balancing
the energy efficiency of air-conditioning and mechanical ventilation (ACMV) systems

and thermal comfort sensations of occupants.
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The optimization problems are classified as multiple-objective non-linear discrete op-
timizations without the knowledge of analytic mathematical expressions for both
objectives. According to the literature on optimization techniques in Chapter 2, the
nature-inspired algorithms and Bayesian optimizer have better advantages in solving

this type of real application optimizations.

The multiple-objective problems are formulated into two parts. The first part is
energy efficiency evaluation (EEE) of air-conditioning and mechanical ventilation
(ACMV) systems, and the second part is comfort sensation evaluation (CSE) of occu-
pants. For the first part, the EEE is determined by supply-air fan motor, compressor,

water pump and condenser of ACMV systems as formulated in Eq. [3.9

EEE =) Ei(w)

i=1
T
w; = (wl,wg,w3,w4) ,i=1,2,3 and 4
W1 = Wsaf, El - Esaf (39)
Wo = Weomp, EQ - Ecomp
W3 = Wpump, E3 = Epump

Wy = Weonds E4 = Econd

For the second part, the CSE will depend upon the approaches used, so it can be

formulated in Eq. [3.10}

CSEpsy - fpsv<M7 VV’ Q) (3 10)

CSFEuy = farw(Tsk, Lo, Height, Weight)

With EEE of ACMYV systems and CSE of occupants, the optimization problems can
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be established by integrating these two components. Since the components have

different numerical scales, the normalizations of EEE and CSE are required before
formulating the objective functions, and the normalizations are shown in Eq.
EFEFE — EFE,;,

EFEFE, .. — EEE,;»,

CSE — CSE i,
CSEmaz - CSEmm

EEE,opm =

(3.11)
C1SE’norm =

The normalized EEE and CSE are further formulated as weighted multiple-objective

functions by introducing a user-preference tuning parameter () as shown in Eq. [3.12}

fovj(:) = A= EEEporm + (1 = A) - CSEporm (3.12)

The optimization algorithms are applied to the formulated objective function in order
to search for the specific optimal solutions. The optimization algorithms were exam-
ined using different algorithms from swarm intelligence to Bayesian. In this thesis, a
novel Augmented Firefly Algorithm (AFA) has been proposed and evaluated. It has
been compared with other optimization algorithms, namely classic Firefly Algorithm
(FA), Bayesian optimization, etc. The pseudo-code of AFA is illustrated in Algorithm
11l The innovations and novelties of the proposed AFA algorithm has already been

discussed in Chapter 1.

The evaluation results of computational complexity of classic FA and AFA are il-
lustrated in Figure |3.10 The evaluations are based on a standard 2D optimization
function, namely four-peak function. Based on the computation time experiments,

AFA outperforms classic FA in both studies of iteration and firefly population.
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Algorithm 11 Augmented Firefly Algorithm
1: Define objective function
2: f(x), x= (1,29, ,24)"
3: Initialize population of n fireflies x; (i = 1,2,--- ,n)
4: Determine light intensity I; at x; by f(x;)
5. while (not reach stopping criteria):

6: for i = 1:n (all n fireflies):

T if (Il < [ma:(:)

8: X?ew — X?ld+04 "7<Xmaw _Xgld) +B . |:(AB _ ]_) -5+ 1:| - €
9: Update new intensity I; by f(x;)
10: else
11: x?ew:xfld—i—ﬂ'{(AB—l)-s—l—l}-e
12: Update new intensity I; by f(x;)
13: endfor ¢

14: endwhile
15: Visualize population fireflies and obtain global optimum ¢*
16: Stop.

Notes:

a € (0,1]: Distance Coefficient

B € 10,1]: Randomness Coefficient

v € [0,1]: Vortex Coefficient

e: Uniform Distribution (—1,1) / Gaussian Distribution A(0, 1)
AB: Maximum Boundary Difference

. {0, (Small Region Wandering)

1, (Large Region Wandering)
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Figure 3.10: Computational Complexity Analysis
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In the study of iteration, the computation time is within a range of 0.04s to 0.8s
for AFA. While the computation time is between 1.2s and 12s for classic FA. The
computation time of classic FA is more than 10 times that of AFA. In the study of
population, the computation time is within a range of 0.2s to 2.2s for AFA. However,
the computation time varies between 0.4s to 293s for classic FA. The computation

time increases exponentially for classic FA with the increase of population.

3.5 Summary

In this chapter, the methodologies of modeling and optimization are presented for
energy consumption and thermal comfort sensations. First, the data acquisition sys-
tem and control system of air-conditioning and mechanical ventilation (ACMV) are
designed and implemented so as to enable the evaluations of subsequent studies on
energy efficiencies and thermal comfort. Second, the different component units of
ACMYV systems are introduced in details. The machine learning models of energy
consumption of ACMV systems are described through the neural networks topolo-
gy. Third, the models of thermal comfort sensation are described through the use of
passive and active approaches and verified with 20 experimental occupants. Fourth,
the optimization formulation is described in details, and the justifications of improve-
ment of classic Firefly Algorithm (FA) to yield the proposed Augmented Firefly Al-
gorithm (AFA) are illustrated and demonstrated through computational complexity
evaluations. In the next two chapters, the optimization evaluations between energy
efficiency evaluations (EEE) and comfort sensation evaluations (CSE) are discussed

using passive and active approaches, respectively.



Chapter 4

Energy Efficiency Evaluation

- Using Passive Approaches

4.1 Introduction

The very subjective term of “thermal comfort” could have different “quantifications”
for different environmental conditions and occupants. A significant milestone on its
definition can be dated back to 1970s when Fanger developed a way of quantifying
thermal comfort through environmental and occupant parameters [6]. He derived a
term called “Predicted Mean Vote (PMV)” [20] for evaluating thermal comfort levels
of occupants. Based on the conversion from a subjective term to a quantified term, it
is applicable to evaluate the multiple-objective problem of energy efficiency and indoor
thermal comfort. In this chapter, machine learning modeling and experimental results
are presented for energy efficiency evaluations (EEE) based on passive approaches of

thermal comfort sensation evaluations (CSE).

Table 4.1: Two Scenarios in Experiments
Case 1 Case 2
General Offices Lecture Theatres/Conference Rooms
M = T0W/m? M = 93W/m?
I, =0.08Km?/W | I, =01Km?/W
» = 58% ¢ = 58%
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4.2 Method - Passive Approaches

In this section, the methodologies of modeling and optimizations of ACMV systems
are presented. One of supervised learning techniques, Neural Networks, is selected as
the modeling technique for energy consumption, ambient air temperature, ambient
air velocity, and mean radiant temperature. Two case studies are focused, and the
non-parameterized conditions (i.e. metabolic rate, clothing insulation and relative
humidity) are tabulated in Table . The overall analytic diagram of modeling
and optimization is presented in Figure with the controllable variables of w;
(operating frequency of supply air fan motor), we (operating frequency of compressor)
and ws (operating frequency of water pump). Throughout the whole experiments, the
environmental data were monitored and recorded every second for further analysis

and modeling.

ACMV Operating Frequenues

@@@J

Ener;
gy_ Thermal Comfort
Consumption X
Passive Model
Model

y

N
[ Optimization Feedback Loop

Algorithm Optimize/Control
J

Figure 4.1: Overall Analytic Diagram for Passive Approaches
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The external work done (W) is defaulted as zero. The indoor thermal comfort model

is presented in a series of equations shown in Eq. below:

PMV = (0.303 L 0036M ().()28) : (M - W — Q) (4.1)

where

Q = Quaiff + Qevap + Qresp,

Quaify = 3.05x 1073 {5733 —6.99- (M —W)— Pa} -+ [Td —35.7+0.028- (M — W)} :
Qevap = 0.42 - (M — W — 58.15),

Qresp = 1.71 x 1075 - M - (5869 — P,) +0.0014 - M - (34 — T,,),

Ty =35.7—0.028- (M — W) — 01{3.96 X 1078 - fo - {(Td +273)4 — (T + 273)4} +
.fcl . hc : (Tcl - Ta)}y
2.38 - [T,y — Tal'/*

12.1-V,

1.00+1.29- Iy, (Iq < 0.078m2K/W.)

h, = max

fcl =
1,05+ 0.645 - Iy, (I > 0.078m>K/W.)

P,=6.11. & . 105771

4.3 Experimental Result and Discussion

Based on numerous experiments, the final models of energy consumption are trained
by assigning 1000 hidden neurons, 500 iterations and 0.1 learning rate; the final models
of ambient air temperature are trained by assigning 500 hidden layer neurons, 500
iterations and 0.1 learning rate; the final models of ambient air velocity are trained

by assigning 500 hidden layer neurons, 500 iterations and 0.01 learning rate. The
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transfer function or activation function of neurons is sigmoid function. According to
the training results shown in Figure [4.2] the training costs of models are significantly
reduced as the number of hidden layer neurons and the number of iterations increase.
But the increase of the number of neurons and iterations will lead to time-consuming
training processes. There are trade-offs whenever training processes take place. In
order to perform a trade-off between training time and cost, the training costs of
energy approach zero when the number of hidden neurons reaches 1000, while the
training costs of air temperature and velocity approach zero when the number of
hidden neurons reaches 500. Moreover, the training costs of iterations are almost zero
when the number of iterations is greater than 500. The valleys of training costs on
learning rates are different for energy consumption, air temperature and velocity. It is
better to choose a learning rate within the valley, so that the models can be properly
trained. The valleys of training costs of energy consumption and air temperature
are within a closed interval of [0.01, 0.1]. While the valley of training cost of air
velocity is within a closed interval of [0.001, 0.5]. Based on the above results and
analysis, the final models of energy consumption, air temperature and velocity are
trained according to the aforementioned parameters, and the models are adopted for

further implementation and integration.

The passive approaches of thermal comfort evaluations are based on the simplified
Fanger’s predicted mean vote (PMV) method. Based on the experiments, the e-
valuations and validations of models established with thermal comfort feedbacks of
occupants are presented in Figure 4.3l The PMV model validations show that the
prediction accuracies of PMV in cooling and neutral modes are 70% and 75%, respec-

tively. The feedbacks of occupants are treated as the ground truth data.



4.3 Experimental Result and Discussion 99
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4.3.1 Study 1: EEE under Six Schemes of Augmented Firefly

Algorithms with Passive PMV CSE

Comprehensive studies of six schemes of Augmented Firefly Algorithms (AFA) based
optimizations have been carried out. The discrete optimal solutions can be identified
by AFA optimizations. The experiments were carried out with discrete integer oper-
ating states (e.g. integer 35 Hz), while the real operating states can be continuously
adjusted (e.g. decimal 35.3 Hz). Thus, it is imperative to fill up these gaps, and
parameterized 3rd-order polynomial interpolation have been introduced. For the ease
of reference, the six different schemes of AFA optimizations with corresponding per-

formance figures are tabulated in Table and the performance figures are presented
in Figures - in Appendix Al.

Table 4.2: Tabulation of Six Schemes of AFA with Performance Figures
Scheme Case 1 Case 2
AFA-SRUW Figure[A1.1] Figure|Al.2
AFA-SRGW-I  Figure|Al.5 Figure|Al.6
AFA-SRGW-IT Figure|A1.9) Figure A1.10|
AFA-LRUW Figure[A1.3] Figure|Al.4
AFA-LRGW-I  Figure|Al.7  Figure|Al1.8
AFA-LRGW-IT Figure A1.11| Figure A1.12|

To get visualizations on how the different schemes perform, the evaluations are di-
vided into two groups, which are thermal comfort preferred (TCP) (i.e. A < 0.3) and
energy efficiency preferred (EEP) (i.e. A > 0.7) according to Eq. [3.12] The statis-
tical analyses of the experimental results in terms of ESR means and ESR standard
deviations are presented in Tables and [£.4] respectively. According to the thermal
comfort guidelines of ASHRAE Standard 55 2013, the comfortable guideline of air

temperature is between 19.4 °C' and 27.8 °C', and the comfortable guideline of air hu-
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midity is no more than 65%, and the comfortable guideline of air velocity is between
0.05 m/s and 0.23 m/s [6]. The questionnaire also follows the ASHRAE’s standard
7 categories of thermal comfort levels, namely -3 (cold), -2 (cool), -1 (slightly cool),

0 (neutral comfort), 1 (slightly warm), 2 (warm) and 3 (hot).

According to the statistical analysis of ESR means in Table [4.3] the Large Region
Gaussian Wandering (LRGW) has better ESR than the Small Region Gaussian Wan-
dering (SRGW), which means that the ACMV systems can be made more energy

efficient on average for both Case 1 and Case 2 over the whole search space.

Table 4.3: Comparisons between Six AFA Schemes on ESR Means
ESR Means (Case 1) ESR Means (Case 2)

Schemes A<03  A>07 A<03 A>07
AFA-SRUW  -925%  -23.25% 6.38%  -7.63%
AFA-SRGW-T1  -17.75%  -24.78% 2.5%  -7.13%
AFA-SRGW-II -12% -25.75% 2.5%  -8%
AFA-LRUW  -8% -23.5% 5% 6%
AFA-LRGW-I  -19.63% -26.5% 2.75%  -7.5%
AFA-LRGW-IT -17.75%  -24.75% 3.93%  -9.83%

Note: The best results are highlighted in bold font.

Based on Table [£.3] the ESRs of Case 1 are generally much higher than those of Case
2. The main reason behind this observed phenomenon is that the condition of Case 2
has higher metabolic rates and heavier clothing insulations. The ACMV systems have
to increase the cooling capacities to balance this expanded cooling demand so as to
compensate the required indoor thermal comfort of occupants. The ways of increasing
cooling capacity are to raise the operating frequencies of apparatuses according to the
developed models. In addition, the statistical analysis of the ESR standard deviations
in Table 4.4] demonstrates that the LRGW has relatively less variations than the other

schemes, and it is also validated to be relatively more consistent generally.
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The reason for good consistency of LRGW is due to its ability to locate the global
optimal solutions instead of the local optimal solutions obtained from SRGW. There-
fore, the results of LRGW are relatively more consistent than those of SRGW. Based
on the experimental results of six different schemes of AFA, we can draw the following

conclusions.

Table 4.4: Comparisons between Six AFA Schemes on ESR Standard Deviations
ESR Std Dev (Case 1) ESR Std Dev (Case 2)

Schemes A<03 A>07 A<03 A>07
AFA-SRUW _ 0.0350 0.0096 0.0382  0.0125
AFA-SRGW-I  0.0222  0.0022 0.0342  0.0144
AFA-SRGW-II 0.0440 0.0126 0.0311  0.0091
AFA-LRUW  0.0337 0.0100 0.0220 0.0071
AFA-LRGW-I  0.0189  0.0041 0.0377  0.0000
AFA-LRGW-IT 0.0104 0.0029 0.0761  0.0379

Note: The best results are highlighted in bold font.

First, Large-Region Wandering (LRW) performs slightly better than Small-Region
Wandering (SRW) based on the continuous regression optimal solutions in Case 1

and Case 2.

Second, Gaussian distribution Wandering (GW) presents better solutions than Unifor-
m distribution Wandering (UW) based on the continuous regression optimal solutions
in Case 1 and Case 2. The Gaussian distribution examines two settings in this study,
namely (4 = 0,0 = 0.1) and (© = 0,0 = 1), whereas the Uniform distribution only

covers a range of (—0.5,+0.5).

Third, the experimental results show that the Gaussian distribution with ¢ = 0.1
provides better solutions than the Gaussian distribution with ¢ = 1. Given the
experimental results, the average maximum potential Energy Saving Rates (ESRs)

are identified at about -26.5% in Case 1 and -9.83% in Case 2, respectively.



104 4.3 Experimental Result and Discussion

Given the three points highlighted above, it is clear that the proposed Large-Region
Gaussian Wandering (LRGW) scheme could effectively achieve a better strategy for
energy efficiency improvement while maintaining satisfactory indoor thermal comfort
conditions in buildings. Besides the technical conclusions drawn, the practical oper-
ations of ACMV systems can also be guided by the real-time optimal solutions on
site (i.e. operating frequencies feedbacks from AFA optimization solutions) obtained
by the proposed models and optimization schemes of AFA. In this way, buildings
can perform more energy efficient and environmental-friendly, while maintaining the
indoor conditions in pre-defined comfort zones. Besides the aforementioned, there are

several limitations that should be noted:

e The thermal laboratory is located in a tropical country. Therefore, the ACMV
systems only provide the cooling capacity, which is not a general Heating and

Ventilation Air-Conditioning (HVAC) system for all four seasons.

e There is an assumption that the rooms in the buildings are identical for the
purpose of experimental simplicity. However, in real applications, each room
is different according to its facing, location inside the building and many other
factors. Therefore, there is a need for room classifications if we aim to compre-

hensively improve the energy efficiency of the whole building.

4.3.2 Study 2: EEE under Classic Firefly Algorithm and

Augmented Firefly Algorithm with Passive PMV CSE

The experimental results from classic FA and AFA optimizations are presented in
Figures - in Appendix A2, and the experimental results are based on the

well-trained models defined from the previous section. According to the experimental
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results, the AFA optimizations generally present better results than the classic FA
optimizations for both Case 1 and Case 2 when the weight coefficient () increases
from 0 to 1. The trend of energy consumption has been shown to decrease when
weight coefficient () increases from 0 to 1. One should note that the discrete actual
optimized results are plotted and based on the experimental data-driven models,
however, the continuing regression results are interpolated and based on the discrete

actual optimized results shown from Figure to Figure in details.

Moreover, the indoor thermal comfort is also optimized via classic FA and AFA
optimization algorithms for Case 1 and Case 2. The experimental results are presented

in Figure [A2.3] and [A2.4] The trend of indoor thermal comfort has been shown to

approach the neutral standard when the weight coefficient (\) decreases from 1 to 0.

On the Energy Saving Rate (ESR) evaluations, the benchmarks of the energy con-
sumption of the ACMYV is followed at a median operating points. The ESR exper-
imental results are presented in Figure and Figure [A2.6] The results of AFA
optimization are better than those of classic FA optimization in both Case 1 and
Case 2. In Case 1, the ESRs of classic FA and AFA optimizations are within intervals
[—25%, —16%)] and [—24%, —17%] respectively (A = 1) among all different genera-
tions at the maximum level of capability as shown in Figure [A2.5] In Case 2, the
ESRs of classic FA and AFA optimizations are within intervals [—30%, —18%] and
[—31%, —18%)] respectively (A = 1) among all different generations at the maximum
level of capability as shown in Figure [A2.6l The negative values of intervals mean
that the ACMYV system operates at a condition of energy efficiency with respect to

median operating conditions.

Based on the experimental evaluations on the optimization algorithms of classic FA

and AFA, the AFA is more efficient in comparison to classic FA. Since the complexity



106 4.3 Experimental Result and Discussion

of FA is O(n?) as shown in classic FA pseudo-code (Algorithm [8) and the complexity
of AFA is O(n) as shown in AFA pseudo-code (Algorithm [11)), the accuracy of AFA
is not only better than that of classic FA, but also the computational complexity of

AFA is far less than that of classic FA especially for large population cases.

Based on the results in Figure |[A2.5| and [A2.6, the maximum prediction of potential

ESR can be -30% and -31% via the AFA optimizations for Case 1 and Case 2 while

maintaining indoor thermal comfort in the pre-defined comfort zone.

In this study, there are some limitations to be noted. First, there are limitations in
the experimental results carried on in the laboratory. Since the ACMV system was
uniquely designed and isolated from the school ACMV systems, the experimental
results are limited for the laboratory so far, but the concept can be generally applied.
Second, the experimental results are limited for equator climate regions, since the
experiments were carried out in Singapore, a tropical season country. Third, the
conceptual aim of this study is to optimize the whole buildings’ air and ventilation
controlled by ACMV systems. However, there is a presumption that every single room
is identical for simplicity purpose. Therefore, there are zones-dividing techniques
required for more comprehensively optimizing buildings’ efficiency, which could also

be future study areas as well.

4.3.3 Study 3: EEE under Bayesian Optimization and Aug-

mented Firefly Algorithm with Passive PMV CSE

The experiments were carried out under different initial sizes of samples from 10 to 50.
Due to the constraints of operating conditions of ACMV systems, the boundaries of

operating conditions are set as 50 and 30 for upper and lower boundaries respectively.
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AFA optimization is based on computational weight and distance learnings according
to randomly distributed population. The pseudo-code is illustrated in Algorithm [11]
The experimental parameters are presented in Table and Table [4.6] The experi-
ments were carried out under different initial sizes of samples ranging from 10 to 50.
Due to the constraints of operating conditions of ACMV systems, the boundaries of
operating conditions are set as 50 and 30 for the upper and lower boundaries. Gaus-
sian distributions of randomness are selected due to better performances of earlier

studies [94].

Table 4.5: Experimental Parameters of Bayesian Gaussian Process Optimization
Parameter | Sample Boundary 6,
Value 10/20/30/40/50 50/30 1

Table 4.6: Experimental Parameters of Sparse Augmented Firefly Algorithms
Parameter | Sample Boundary o 8 v €
Value 10/20/30/40/50  50/30 0.6 0.3 0.6 Gaussian (0,1)

Following the application of the methodologies mentioned in the previous section,
the experimental results of Bayesian Gaussian Process Optimization (BGPO) and
Augmented Firefly Algorithm (AFA) optimization are shown in Figures -
in Appendix A3. Both BGPO and AFA statistical analyses are tabulated in Table
- in Appendix A3. Based on the statistical analyses, there are two groups
for each of the two cases as Table shows. The groups are classified by A values.
The thermal comfort preferred (TCP) group is classified as A < 0.3. In addition, for
A > 0.7, the group is classified as energy efficiency preferred (EEP) group. Comparing
Table [A3.1] and [A3.2] BGPO generally outperforms AFA in terms of searching for

more optimal solutions, since the means of Energy Saving Rate (ESR) are around -

21% and -10% for BGPO and AFA respectively for both Case 1 and Case 2. However,
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AFA is better than BGPO in terms of consistency, and the standard deviations of
ESR are around 0.02 and 0.006 for BGPO and AFA respectively. The increment of
sample sizes improves searching precision and consistency as presented in Table
and [A3.2] As seen in Table [A3.3] the evaluations at a sample size of 50 reveals that
AFA is superior to BGPO in terms of consistency. Moreover, BGPO searches more
optimal solutions of ESR than AFA on Case 1 and Case 2. However, AFA locates
more precise solutions of PMV than BGPO on Case 1 and Case 2. Furthermore,
the ESR and PMYV results of Case 1 are more optimal than those of Case 2, due to

different environmental resistance to ACMV systems.

Based on the experimental results and analyses of BGPO and AFA above, we can

draw the following conclusions.

First, BGPO outperforms AFA in terms of Energy Saving Rate (ESR) in EEP group.
BGPO has an ESR of -21% for Case 1 and Case 2 in EEP group, while AFA has an
ESR of -10% for Case 1 and Case 2 in EEP group. As the figures presented, BGPO can
perform more energy-saving than AFA does on average. Generally, the experimental
laboratory consumes 73.741 kW h per day for office hours. In terms of economical
performances of these two methodologies, the Singapore Energy Market Authority
announced that the electricity costs 21.56 cents per kW h, and it results in a saving
of about S$1219.1 annually (equivalently 15% of total energy saving according to the
current situation) for such single experimental room compared to general operation
conditions without optimization algorithms applied. If all the rooms in the building
were governed by the methodology, the electricity tariff could be significantly reduced

and demonstrate a large number of economical benefits.

Second, AFA not only surpasses BGPO in terms of indoor thermal comfort (i.e. PMV

index), but also in solution consistency in TCP group. The standard deviation of
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BGPO is around 0.02 for Case 1 and Case 2. While the standard deviation of AFA is
about 0.006 for Case 1 and Case 2. BGPO and AFA have PMV indices of 0.0087 and
0.0008 respectively for Case 1 with a sample size of 50. Similarly, BGPO and AFA
have PMV indices at 0.3463 and 0.1524 respectively for Case 2 with a sample size of
50. As shown in the experimental results, although both of BGPO and AFA have
located the PMV indices within the pre-defined comfort zone, AFA can locate around

10 times and 2 times better than BGPO does for Case 1 and Case 2 respectively.

Third, the improvements of ESR and PMV can be achieved by both BGPO and AFA
with incremental sample sizes. The optimization results in Case 1 are slightly better
than those in Case 2, due to different physiological parameters of the experimental
occupant. The activity level and clothing factor in Case 1 are significantly lower than
those in Case 2. Thus, the cooling demand in Case 2 is higher than that in Case 1,

and the ACMV systems do more work to meet the cooling demand in Case 2.

4.4 Summary

In this chapter, the energy efficiency evaluations (EEE) based on three study topics
have been presented. The EEE is evaluated under passive approaches of comfort
sensation evaluations (CSE) from environmental parameters. The validity and effec-
tiveness of the proposed modeling and optimization algorithms have been validated
under various comparative studies of different schemes and methods. Several limi-
tations in these studies can be summarized as follows: (1) the thermal laboratory
is located in Singapore, so the ACMV systems only provide cooling capacity; (2)
different rooms in buildings are normally different in terms of dimensions, solar ra-
diations, positions and so forth. The experiments were however carried out under

the assumption of identical room for different cases in our study due to limitations
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of experimental platforms and for the purpose of simplicity. However, suitable room
classification techniques can be developed for more comprehensive optimization of
buildings’ efficiency; (3) The indoor comfort actually consists of more than just ther-
mal comfort, and there are luminous comfort and air quality as well. In this study,
the lighting is always provided due to the situation of the thermal laboratory inside
the ACMV laboratory of the School of Electrical and Electronic Engineering. In ad-
dition, since there is only one occupant in this thermal laboratory during each round
of experiment, the air quality (mainly C'O,) was always within the acceptable range
while experiments were conducted. Therefore, luminous comfort and air quality of
the experimental room are not in the scope of this thesis, only indoor thermal comfort
has been investigated. In the next chapter, the experimental results of EEE evaluated

with CSE using active approaches will be discussed in details.



Chapter 5

Energy Efficiency Evaluation

- Using Active Approaches

5.1 Introduction

Currently, there are many studies on thermal comfort evaluations with active ap-
proaches. In the study of Zhang et al. [96], the thermal sensations of occupants were
discussed on the mean skin temperature of 22 body locations. However, the approach
was developed for an automobile setting, which could not be adopted into real build-
ing environments. Moreover, the approach had high measurement costs, and many
measurements were also intrusive to occupants. In the study of Takada et al. [74],
a mathematical expression of regression model was proposed. The model was built
upon mean skin temperature of 7 body locations. Xiong et al.’s study of thermal sen-
sations of occupants were analyzed from 7 locations of body skin temperature during
transient processes of ambient air temperature [83]. Similarly, Liu et al. proposed a
method of thermal comfort evaluation based on mean skin temperature of 10 body
skin locations in sleeping mode [52]. Due to the constraints of Liu’s work in sleeping

mode, the skin temperature ranges were limited.

Sim et al. [71] analyzed the skin temperature of 4 skin locations near the hand.

The study showed good results, but the validation of models was limited by small
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sample sizes. The studies mentioned above are basically intrusive to occupants when
measuring those temperatures and they may not be feasible for real applications. In
our earlier studies, the thermal comfort sensations of occupants were evaluated and
modeled by different approaches [17, 90, OT), 93], 94]. The overall analytic diagram of
modeling and optimization is presented in Figure with the controllable variables,
such as wy (operating frequency of supply air fan motor), wy (operating frequency of

compressor) and ws (operating frequency of water pump).
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Figure 5.1: Overall Analytic Diagram for Active Approaches

In this study, a novel algorithm is proposed to improve Operating State (OS) of
ACMYV systems. It is integrated with the models of Predictive Thermal State (PTS)

shown in Figure and Figure 5.3 The input of PTS model is physiological pa-
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rameters of occupants, such as height, weight, clothing and skin temperature. The
output of PTS model is the thermal state of occupant, such as -1 (cool discomfort),
0 (neutral comfort) and 1 (warm discomfort). Considering ASHRAE Standard, the
cool discomfort (-1) is equivalent to -3 and -2 (PMV), and the neutral comfort is
equivalent to -1, 0 and +1 (PMV), and the warm discomfort is equivalent to +2 and
+3 (PMV). The training features are selected as normalized skin temperature and
normalized skin temperature gradient. The training processes are back-propagation

with batch/stochastic gradient descent method.

Occupant
Physiological Normalization
Parameters Factor Inputs Output
NN
Models

Figure 5.2: Predictive Thermal State (PTS) Models

Figure 5.3: Overall Analytical Diagram (t(*) — ¢(k+1)

The OS algorithm of ACMV systems alternates OS considering thermal comfort levels
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of occupants in real time, and the overall analytical diagram of this study is shown
in Figure [5.3] The proposed PTS model in this study is trained by neural networks.
The approach is non-intrusive by only using one spot of skin temperature located at

the back of the hand. It could be more feasible for real applications.

5.2 Method - Active Approaches

In this section, methodologies of this study will be illustrated in details. First, PTS
models are adopted and described. Second, OS algorithm of ACMV systems is pro-
posed. Third, the energy consumption of ACMV systems embedded with ACMV OS

algorithm is evaluated by three cases.

The PTS model shown in Figure has been presented in details in our earlier
studies [I7] and [93], and the PTS model is adopted and applied. The inputs of PTS
model are physiological parameters of occupants, and the models are trained by skin
temperature. The PTS model then provides predictive thermal states of occupants
based on the measurements. The skin temperature (T;) was recorded every second,
therefore an extended feature “gradient of skin temperature (T graa)” can be easily
calculated. The proposed normalization factor of T, and Tii_graa is governed by Eq.
2.44 In the ACMV OS algorithm, the ACMV systems acquire and alternate OS

every Tsampiing, and a modification factor in temperature is noted as AT (i.e. 0.1 °C).

This problem can be formulated as a Markov Decision Process (MDP). Actions are
taken only on the basis of previous states. The pseudo-code of ACMV OS algorithm is
illustrated in Algorithm [12] This algorithm has two inputs, which are results of PTS
models and Previous Operating State (POS), and the output is Current Operating
State (COS).
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In this algorithm, there are two important functions to bridge OS and air temperature
T, of the thermal room, namely Fi(-) and F(-) as shown in Figure 5.4 The Fi(:)
is a function of forward associations of OS and T, while the F5(-) is a function of
backward searching OS with respect to T, which is based on the proposed optimization

algorithm, namely Augmented Firefly Algorithm (AFA) [94].

Algorithm 12 ACMV Operating State Algorithm
1: Input:
2: PMV ={-3,-2,-1,0,+1,+2,43} or PTS ={-1,0,+1}
3: POS = (wi(k),ws(k),ws(k))
4: Output:

5: COS = (w1 (k+1),wa(k +1),ws(k + 1))

6: for every Tsampiing:

7 if(PMV ==0) or (PTS==0):

8: COS «+ POS

9: elseif(PMV < —1) or (PTS==-1):
10: ¥ « F(POS)

11: T T 4 AT

12: COS « F(T¢H)

13: elseif(PMV > +1) or (PTS==+1):
14: T « F(POS)

15: T 1P — AT

16: COS «+ Fy(TH )

17: Stop.

Derived from the earlier studies [92], the models between E and OS has been well
developed and adopted and this virtual bridge is named as F3(-) in Figure[5.4] This is
the key linkage of constructing the objective function in AFA optimizations for Fy(-).
Since there could be more than one possible OS solutions given a particular T,, the

optimal OS* is defined in Eq. 5.1}

0OS* = argminF3(0OS|r,) (5.1)

vOS|1,
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The ACMV systems with ACMV OS algorithm can adjust OS responsively with
respect to thermal comfort levels of occupants in real-time, therefore it could intel-
ligently improve the energy efficiency of ACMV systems while taking the thermal

comfort of occupants into considerations.

N\

ML Models

F3(*)

OS(\_ /)

Figure 5.4: Illustrations of Functions Fi,F5 and F3

5.3 Experimental Result and Discussion

In this section, the experimental results of air-conditioning and mechanical ventilation
(ACMV) systems are evaluated and the corresponding discussions are presented. The
essential hardware parts of ACMV systems cannot be updated since manufactured.
However, the performance of ACMYV systems has been enhanced by the software parts,
namely the proposed models and algorithms in this study. The experimental results
with active approaches are elaborated in this section for energy efficiency evaluations
(EEE) with k-means methods and neural networks modeling methods on comfort

sensation evaluations (CSE).
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For the active model of thermal comfort, the predictive thermal state (PTS) method
is implemented. Based on experimental results, the validation results of PTS models
are presented in Figure [5.5] With the ground truth data of occupant feedbacks, the
validation results show that the prediction accuracies of PTS in cooling and neutral

mode are 95% and 90% ,respectively.

5.3.1 Study 1: EEE under Augmented Firefly Algorithm

with K-Means CSE

Since there is a strong correlation between skin temperature and ambient air tem-
perature presented in Figure [5.6] the models of skin temperature are also based on
neural networks. The input of the models is ambient air temperature. The output
of the models is skin temperature. The activation function or transfer function of
neurons is sigmoid function. The training parameters and the training MSE results
are shown in Table [5.1] and [5.2] respectively.

Table 5.1: Training Parameters of NN Models
Model # Hidden Neurons # Iterations Learning Rate

Energy 3 500 0.06
Ta 3 500 0.01
Ts 3 500 0.01
T's_grad 3 500 0.01

Table 5.2: Accuracy Evaluations of Models
Model ~ Mean Squared Error (MSE)

Energy 0.023766527
Ta 0.000703694
T's 0.059943429
Ts_grad 0.040547322

Several studies [20, 2I] have shown that thermal comfort can be predicted using
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Figure 5.5: PTS Model Validation
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peripheral skin temperature as they are strongly correlated. Moreover, the ambient
air temperature and skin temperature are also strongly correlated as Figure |5.6{shows.

We suggest a new approach for the prediction based on k-means clustering.

T T T T T T T T T
315+ o° .
Pearson's correlation = 0.96
31r =
o
°
=} - -
‘g 30.5 R% = 0.98 o
s o
& o
°
c 301 o -
%) (. )
o
295 0 =
(<)
| | | | | | | | |

20.5 21 21.5 22 22.5 23 23.5 24 24.5 25
Air temperature (°C)

Figure 5.6: Correlations between Air Temperature and Skin Temperature

The k-means clustering works by dividing the observations into k distinct cluster-
s depending on target variable, and assigning new observations to the cluster with
shortest Euclidean distance from the cluster centroid. In our study, the thermal com-
fort model inputs are vectors of skin temperature and skin temperature gradient and
the model output is a scalar thermal comfort state, namely “Discomfort (1)” and

“Comfort (0)”. Thus, k=2 clusters for the two states have been employed, and the

optimization problem can be formulated as follows:
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Let,
g(w) 52)
=E(w) - TC(T[To(w)], Ts graal Ta(w), Ts(Ta(w))])
Then,
Problem : w* = ar%mz'n(g(w))
Subject to : 30 < L\ji <50 (5.3)
g(w) #0
The energy saving ratio (ESR) is defined as follows:
ESR(w) = ZW) = E@benan) 50, (5.4)

E (Wbench)

where

w* is the optimal operating conditions from AFA optimization algorithm;

Whench 18 the nominal benchmark operating conditions of ACMYV systems (i.e. Wpencn=[40,40,40]7);
E(w) is the energy consumption NN model;

Ta(w) is the air temperature NN model;

Ts(T,) is the skin temperature NN model;

Ts grad(Ty, Ts) is the skin temperature gradient NN model; and

TC(Ts, Ts_graa) is the thermal comfort k-means model.

Since the previous studies on Augmented Firefly Algorithm (AFA) show better opti-
mization results under identical conditions (i.e. same models and environment) [90],
the AFA is chosen as the optimization algorithm for solving this formulated problem.

The optimization algorithm is previously presented in Algorithm[TI} The comparisons
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between uniform and Gaussian distribution randomness are presented in Figure
and Figure 5.8 As the results show, the optimal solutions can be obtained through
larger number of population, and fewer iterations are required when the number of
population is large enough. In comparisons, the results of uniform distribution are
more consistent than those of Gaussian distribution for larger number of population.

It is vice versa for small number of population.

The energy efficiency improvements are presented in Figure 5.9, According to the
results, the optimizations with uniform distribution randomness are more consistent
with larger population, whereas the optimizations with Gaussian distribution ran-
domness are more consistent with smaller population. The trend of ESR is generally
decreasing with the increase of population, and the ESR is generally below -21% (i.e.
improving energy efficiency by 21% and more compared with benchmark operating

conditions).

The results of the k-means approach applied to thermal comfort model are presented
in Figure 5.10] The centroids (T, T grqa) for the Discomfort(1) and Comfort (0)
states are found to be (30.0878, -0.0789) and (32.8751, 0.1358) respectively. The
mean prediction accuracy is found to be 90%. It is to be noted that thermal comfort
states have been predicted with even 100% accuracy for many subjects. Based on the

experimental results, some key conclusions are drawn as follows:

e The skin temperature of occupants has strong correlations with ambient air

temperature, and the highest R? value can be 0.98.

e The predictions of thermal comfort states can be non-intrusively and feasibly
achieved by measuring skin temperature of occupants with a time interval. The

use of skin temperature and its gradient as features can model thermal comfort
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states with accuracy of as high as 90% on average with k-means approach.

e According to the AFA optimization results, the energy efficiency can be im-
proved by at least 21% when compared with the benchmark operating condi-
tions. Furthermore, the number of iterations decreases when the number of
population increases, and more optimal solutions can be obtained as the num-
ber of population increases as well. In general, the Gaussian distribution is

more consistent than uniform distribution.

5.3.2 Study 2: EEE under Augmented Firefly Algorithm

with Neural Networks CSE

Table 5.3: Physiological Parameters of Occupant

Occupant | Height (em) Weight (kg) I.(clo)
Case 1 0.67
Case 2 174 60 0.42
Case 3 0.76

The thermal states of 3 individual cases are illustrated in Table |5.3| and Figure [5.13]|
The thermal states of occupants are defined into 3 categories of feelings in this s-
tudy: cool discomfort (-1), neutral comfort (0) and warm discomfort (+1). The skin
temperature of occupants was monitored from 8am to 8pm for 3 consecutive days
(a full-day experiment for each case). From the data of skin temperature, Predic-
tive Thermal State (PTS) model generated the thermal states of these 3 mutually
exclusive cases. The PTS models, which are based on different training features, are
evaluated. The validation results of prediction accuracy are presented in Figure [5.11

and Figure [5.12]

By considering gender differences, the developed PTS models have the best accuracies
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of 96% and 98% for male and female respectively through normalized datasets of skin
temperatures. The training parameters are selected as follows (male/female): (1)
number of neurons is 5/5; (2) number of iterations is 30000/100000; (3) learning
rate is 0.1/0.6; (4) regularization factor is 0.01/0.01; (5) transfer function is sigmoid
function; (6) standard Gaussian is used for data normalization. The PTS models
are adopted from 4-feature models due to the best performances. Augmented firefly
algorithms (AFA) are applied to obtain optimal solutions of operating states (OS) for
feed-backing ACMV systems.
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Figure 5.13: Thermal States of 3 Cases in A Day (Tsampling = 10 mins)

Given PTS models of occupants, the ACMYV systems can operate intelligently with the
help of this pre-knowledge. The results of a typical sampling time (i.e. Tyumpling = 10
mins) are illustrated in Figure and the results of accumulated energy consump-
tion are presented in Figure for 3 different cases. The results of PTS models

with different sampling time are shown in Figure [5.15/ and Table [5.4

As the Figure [5.14] and Figure show, the energy changes of both cases took

place in state transitions throughout the whole day. However, the significant changes
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of prediction (Tsumpiing = 5 mins) did not occur at the most demanding period
of time (i.e. 14 hours or 2pm). The mis-prediction of PTS model is due to fast
sampling, and the occupants had not stabilized yet that cannot be interpreted as
correct information. For Ti,mping => 15 mins, the tracking sharpness of occupants’
thermal states was heavily reduced due to long sampling period. The long sampling

period leads to a linear growth in energy consumption throughout the whole day.

The energy consumed is tabulated in Table for 3 mutually exclusive cases of full-
day experiments with different Tsq,,p1ing from 8am to 8pm as ACMV systems operate.
Compared with general operating states, the ACMV systems could be more energy
efficient with PTS information incorporated. The improvement of this experimen-
tal room could save around 10 kWh per day (Tsampiing = 10 mins) or about 2.552
Singapore dollars per day without compromising the tracking sharpness of occupants
between state changes. The longer time of Ti,pmpiing could improve the energy efficien-
cy of ACMV systems better. However, the systems can be lagging due to the slow
responses of occupant thermal states that lead to uncomfortable sensations between

state transitions.

Clearly, the ACMV systems can be more energy efficient when there are PTS models
involved. Generally, the energy could be reduced by about 10 kWh (around 13.5%
of total daily energy consumption) daily according to the scope of this study in the
laboratory. Moreover, the optimal sampling time (Tsumpiing) 0f ACMV OS algorithm
can be set as 10 mins due to its significant changing in OS without losing sharpness
of tracking the occupant thermal states. For T mping < 10 mins, the issue is that
the thermal states of occupant are not stabilized due to fast sampling, which leads to
wrong predictions of thermal states. The wrong prediction may or may not cost more

energy, but it does definitely reflect wrong information of occupants to the ACMV
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Table 5.4: Energy Consumption in A Day

Case - Tsampling

Baseline

PTS (NN Based)

Case 1-5 mins
Case 2-5 mins
Case 3-5 mins

73.741
73.741
73.741

60.994 (17.29%
55.862 (24.25%
57.732 (21.71%

Case 1-10 mins
Case 2-10 mins
Case 3-10 mins

73.741
73.741
73.741

63.808 (13.47%
62.015 (15.90%
64.574 (12.43%

Case 1-15 mins
Case 2-15 mins
Case 3-15 mins

73.741
73.741
73.741

55.497 (24.74%
54.930 (25.51%

Case 1-20 mins
Case 2-20 mins
Case 3-20 mins

73.741
73.741
73.741

55.324 (24.98%
56.275 (23.69%
56.618 (23.22%

Case 1-25 mins
Case 2-25 mins
Case 3-25 mins

73.741
73.741
73.741

24.76%
24.44%
58.011 (21.33%

55.481
55.721

Case 1-30 mins
Case 2-30 mins
Case 3-30 mins

73.741
73.741
73.741

55.001 (25.41%
55.102 (25.28%
57.818 (21.59%)

)

( )
( )
( )
( )
( )
( )
( )
57.549 (21.96%)
( )
( )
( )
( )
( )
( )
( )
( )

Notes: Values in brackets are the percentages of energy saving. Other values are in
the unit of kWh.
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systems, which make the environment uncomfortable. For Tsqmpiing > 10 mins, the
sharpness of tracking occupant thermal states can be heavily impacted. The ACMV
systems cannot response in time for actions and hence result in lagging performance

(i.e. the plots of energy consumption are more linear).

5.4 Summary

In this chapter, the energy efficiency evaluations (EEE) are examined by two case
studies. The EEE is evaluated under active approaches of comfort sensation evalua-
tions (CSE) from occupant physiological parameters. The validity and effectiveness
of the proposed modeling and optimization algorithms have been tested and validated
under two topics. Several limitations should be considered: (1) The ACMV Oper-
ating State (OS) algorithm is only based on the same single occupant in these case
studies to mimic different occupant conditions. If there are more than one occupants
in the laboratory, then the PTS model cannot predict the overall thermal states of
all occupants. This would be the future direction of study. (2) The PTS model was
developed for the Singapore local climate (i.e. tropical climate). Therefore, the PTS
model may have limitations of applications on other climatic conditions. The PTS

model should be re-trained with new datasets on newly-applied climatic conditions.






Chapter 6

Conclusion

In this chapter, the author shall draw some insightful conclusions based on the pro-
posed algorithms and experimental studies in this thesis. Some limitations of the
studies are also summarized. Several interesting and relevant extensions and prob-

lems are highlighted for future research.

6.1 Conclusion

In this study, the promising concepts of artificial intelligence (AI) and internet of
things (IoT) have been integrated and validated in the platform of air-conditioning
and mechanical ventilation (ACMV) systems in Nanyang Technological University,
Singapore. The key contributions and main conclusions of this PhD study on smart

and energy efficient buildings can be summarized below.

Key Contributions:

1. The author developed a systematic data acquisition system for acquiring
environmental parameters of thermal laboratory and physiological parameters
of occupants by Dell laptop (Windows 10 operating system), Matlab 2017a,
Python 3.6, Arduino Uno, Raspberry Pi 2 (Debian operating system) and re-

spective sensors (i.e. air temperature, air velocity, air relative humidity, human
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skin temperature and surface temperature sensors). The author also developed
a machine learning control system of ACMV systems to facilitate carrying

out experiments in the laboratory platform.

2. The author developed and validated machine learning data-driven models of
energy consumption of ACMV systems, and data-driven models of ther-
mal comfort of occupants (i.e. passive and active approaches). The proposed
passive approaches largely use environmental parameters, while the proposed
active approaches use physiological parameters. For both passive and active
approaches, an important normalization process has been proposed in this s-
tudy for data pre-processing. The models have been validated by experimental
results in the thermal laboratory and they show significant improvements on
prediction accuracy with 70% and 90% for passive and active approaches,

respectively.

3. The author formulated the aggregated models of energy consumption and mod-
els of thermal comfort sensations by proposing a user-preference tuning pa-
rameter. The tuning parameter has been verified to increase the flexibility
of operations in ACMV systems on different customer demand profiles in real

applications.

4. The author developed and validated the proposed algorithms by applying them
on the formulated objective problems of this study. The author also accom-
plished the implementations and comparisons of algorithms, namely classic
firefly algorithm (FA), newly proposed augmented firefly algorithm (AFA) and
Bayesian algorithms (Bayesian Gaussian processes). The AFA is one of the
key proposed algorithms in this study. Compared with classic FA, the key

modifications of AFA are summarized as follows: (1) reduce the number of
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inner for-loops, (2) introduce vortex coefficient, (3) introduce randomness mode
switches, (4) introduce searching mode switches, (5) modify updating equations.
The modifications of (1) and (5) reduce the computational complexity signifi-
cantly, and the modifications of (2)-(4) help to locate high performance solutions
without sub-optima trapping. The experimental results validated that the AFA
followed a linear trend of computational complexity, while the classic FA has an

exponential trend of computational complexity with the increase of population.

Main conclusions:

For passive approaches in comfort sensation evaluations (CSE), the energy efficiency

evaluations (EEE) of different study topics are summarized as follows:

Data-driven models of energy consumption and environmental parameters
have been developed and examined by supervised learning techniques with back-

propagation and batch gradient descent algorithms.

Augmented firefly algorithm (AFA) has been proposed, examined and validated
through a experimental platform of ACMYV systems on energy efficiency and

thermal comfort sensations.

Evaluations of classic firefly algorithm (FA) and augmented firefly algorithm
(AFA) show that AFA generally outperforms FA in terms of global optima

searching capability, computational complexity and consistency.

Evaluations of the six different schemes of AFA show that Large Region and
Gaussian distribution Wandering (LRGW) generally outperforms the other

schemes in the problems of PhD study.
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e The best experimental results of AFA optimizations are demonstrated through
thermal laboratory, and the maximum potentials of energy saving are about
-26.5% for Case 1 (general offices) and -9.83% for Case 2 (lecture theatres/

conference rooms).

e The optimal solutions of AFA are more consistent than those of Bayesian Gaus-
sian process optimization (BGPO) at given sample sizes. The maximum po-
tential of energy saving by BGPO and AFA are around -21% and -10%
respectively for Case 1 (general offices) and Case 2 (lecture theatres/ confer-

ence rooms).

For active approaches in comfort sensation evaluations (CSE), the energy efficiency

evaluations (EEE) of different study topics are summarized as follows:

e The prediction of thermal comfort states via k-means approach has been im-
plemented and it is based on features of skin temperature and skin temperature
gradient. The prediction accuracy of differentiation using skin temperature
and its gradient is up to 90%. The experimental results show that the ener-
gy efficiency can be improved by 21% with the predictive models of thermal

comfort sensations.

e The predictive models of thermal comfort states through neural networks
(NN) have been developed and examined. Based on skin temperature, height,
weight, gender and clothing factors, the accuracy of male and female models
can reach up to 96% and 98%, respectively. The optimal sampling time
of ACMYV OS algorithm is 10 mins without the issues of system lagging
and sharpness losing for predictive thermal states of occupants, and it reduces

the energy consumption of thermal laboratory by around 10 kW h out of 74
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kW h per day, namely about saving S$2.55 in current electricity tariff rate of

Singapore (about 13.5% energy reduction).

6.2 Limitations

In this study, there are several limitations that should be highlighted as follows:

e The thermal laboratory is located in tropical Singapore. Therefore, the set-ups
of air-conditioning and mechanical ventilation (ACMV) systems only provide
the cooling capacity without the need for heating capacity, which are not general
heating, ventilation and air-conditioning (HVAC) systems for all multi-season

and multi-geographical situations.

e There is an assumption that the rooms in the buildings are identical for the
purpose of experimental simplicity. However, in real applications, each room is
different from its facing, location inside the building and many other factors.
Therefore, there is a need for room classifications to be incorporated if we aim

to comprehensively improve the energy efficiency of the whole building.

e The ACMYV operating state algorithm is only based on a single occupant in
these case studies to mimic different occupant conditions. If there were more
than one occupants in thermal laboratory, then the PTS model may have to
use some other techniques, for instance weighted states for each occupant, so

to integrate the overall thermal state of all of the occupants.
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6.3 Future Research Directions

Considering the limitations outlined, several future research directions are pointed as

follows:

e The modeling and optimization approaches developed in this thesis can be fur-
ther enhanced. The energy consumption modeling of operating air conditioning
and mechanical ventilation (ACMV) systems can address different geograph-
ic locations that make the models more comprehensive, robust and adaptable.
The optimization can be further investigated under the various factors of en-
ergy efficiency, thermal comfort sensations, air quality, system failure rates,

maintenance costs, etc.

e Indoor zone differentiations and classifications are worthy of further study to
investigate the handling algorithms of different zones. Occupant indoor posi-
tioning is essential under this research. The handling algorithms can utilize the
inputs of occupant positions and zone classifications, so that they can precise-
ly alter the operating conditions of lights, windows, doors and centralized air

conditioning systems smartly.

e Multiple-occupant comfort sensation evaluations should also be future directions
with the incorporation of zone handling algorithms to achieve energy efficient
smart buildings. With the non-intrusive information from the proposed thermal
comfort models, a general zone thermal comfort model can be investigated and

examined for centralized air conditioning systems.



Appendix Al

Comprehensive comparisons of six schemes of sparse Augmented Firefly Algorithms
(AFA) based on passive Predicted Mean Vote (PMV) are examined on energy efficient
evaluations in the figures below. The different schemes are about small/large regions
and Gaussian/uniform wanderings. The algorithms are examined under two cases,

such as general offices (Case 1) and lecture theatres/conference rooms (Case 2).
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Figure Al.1: Optimizations Results via AFA-SRUW (—0.5,+40.5) on Case 1
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Figure A1.2: Optimizations Results via AFA-SRUW (—0.5,+40.5) on Case 2
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Figure A1.3: Optimizations Results via AFA-LRUW (—0.5,40.5) on Case 1
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Figure A1.4: Optimizations Results via AFA-LRUW (—0.5,40.5) on Case 2
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Figure A1.6: Optimizations Results via AFA-SRGW-I (11 = 0,0 = 0.1) on Case 2
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Figure A1.7: Optimizations Results via AFA-LRGW-I (u
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Figure A1.8: Optimizations Results via AFA-LRGW-I (¢ = 0,0 = 0.1) on Case 2
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Figure A1.9: Optimizations Results via AFA-SRGW-II (1 = 0,0 = 1) on Case 1
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Figure A1.10: Optimizations Results via AFA-SRGW-II (1 = 0,0 = 1) on Case 2
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Figure A1.11: Optimizations Results via AFA-LRGW-II (4 = 0,0 = 1) on Case 1
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Figure A1.12: Optimizations Results via AFA-LRGW-II (¢ = 0,0 = 1) on Case 2






Appendix A2

Energy efficiency evaluations of classic Firefly Algorithms (FA) and Augmented Fire-
fly Algorithm (AFA) with passive Predicted Mean Vote (PMV) are presented in the
figures below. The algorithms are examined under two cases, such as general offices

(Case 1) and lecture theatres/conference rooms (Case 2).
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Figure A2.1: Sparse FA and AFA Optimizations on Energy Consumption of ACMV
Systems (Case 1: Sedentary Activities, e.g. General Offices)
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Figure A2.2: Sparse FA and AFA Optimizations on Energy Consumption of ACMV
Systems (Case 2: Light Activities, e.g. Lecture Theatres and Conference Rooms)
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Figure A2.3: Sparse FA and AFA Optimizations on Indoor Thermal Comfort (Case
1: Sedentary Activities, e.g. General Offices)
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Figure A2.4: Sparse FA and AFA Optimizations on Indoor Thermal Comfort (Case
2: Light Activities, e.g. Lecture Theatres and Conference Rooms)
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Figure A2.5: Sparse FA and AFA Optimizations on Energy Saving Rate (ESR) (Case
1: Sedentary Activities, e.g. General Offices)
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Figure A2.6: Sparse FA and AFA Optimizations on Energy Saving Rate (ESR) (Case
2: Light Activities, e.g. Lecture Theatres and Conference Rooms)






Appendix A3

Energy efficiency evaluations of Augmented Firefly Algorithm (AFA) and Bayesian
Optimization with passive Predicted Mean Vote (PMV) are presented in the figures
below. The algorithms are examined under two cases, such as general offices (Case

1) and lecture theatres/conference rooms (Case 2).
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Study 3: EEE under BGPO and AFA
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Figure A3.1: Energy Consumption BGPO Case 1 - Discrete(Upper) / Regression
(Lower)
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Figure A3.3: Energy Saving Rate BGPO Case 1 - Discrete(Upper) / Regression
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Figure A3.4: Energy Consumption BGPO Case 2 - Discrete(Upper) / Regression
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Figure A3.5: Indoor Thermal Comfort BGPO Case 2 - Discrete(Upper) / Regression
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Figure A3.6: Energy Saving Rate BGPO Case 2 - Discrete(Upper) / Regression
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Figure A3.7: Energy Consumption AFA Case 1 - Discrete(Upper) / Regression (Low-
er)
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Figure A3.8: Indoor Thermal Comfort AFA Case 1 - Discrete(Upper) / Regression
(Lower)
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Figure A3.9: Energy Saving Rate AFA Case 1 - Discrete(Upper) / Regression (Lower)
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Figure A3.10: Energy Consumption AFA Case 2 - Discrete(Upper) / Regression
(Lower)



174

Study 3: EEE under BGPO and AFA
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Figure A3.11: Indoor Thermal Comfort AFA Case 2 - Discrete(Upper) / Regression
(Lower)
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Figure A3.12: Energy Saving Rate AFA Case 2 - Discrete(Upper) / Regression (Low-
er)



Table A3.1: BGPO Evaluations for Case 1 and Case 2 (Note: Bold values are optimal results for each sample size.)

ESR Mean (Case 1) ESR Mean (Case 2) ESR Std Dev (Case 1) ESR Std Dev (Case 2)

Sample g5 NS 07 A<03  A>07 DMy A>07 A<03 A>0.7
10 -0.0248  —0.2213 0.0382 -0.1847 10 0.0237 0.0154 0.1549 0.0405
20 -0.1429 -0.1907 0.1135 —-0.2112 20 0.0487 0.0581 0.1784 0.0209
30 -0.1252 -0.1827 0.1274 —0.2007 30 0.1141 0.0387 0.0833 0.0392
40 -0.0820 —0.2043 0.0899 -0.1783 40 0.0700 0.0170 0.1253 0.0047
50 -0.1029  —0.2158 -0.0475 -0.2102 50 0.0874 0.0200 0.1229 0.0114

BGPO Mean Evaluations BGPO Standard Deviation Evaluations

Table A3.2: AFA Evaluations for Case 1 and Case 2 (Note: Bold values are optimal results for each sample size.)

ESR Mean (Case 1) ESR Mean (Case 2) ESR Std Dev (Case 1) ESR Std Dev (Case 2)

176

Sample \ g5 NS 07 A<03  A>07 DWWy A>07 A<03 A>0.7
10 -0.0079 -0.0850 0.0134 —0.0973 10 0.0239 0.0119 0.0637 0.0056
20 -0.0286  —0.0998 0.0005 -0.0926 20 0.0224 0.0061 0.0265 0.0210
30 -0.0351 -0.0949  0.0058 —0.0996 30 0.0229 0.0175 0.0750 0.0060
40 -0.0199 -0.0921  0.0449 —0.1007 40 0.0356 0.0270 0.0067 0.0056
50 -0.0462 -0.0920 0.0306 —0.1056 50 0.0047 0.0213  0.0310 0.0000

AFA Mean Evaluations AFA Standard Deviation Evaluations
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