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Abstract

Occupancy-based control systems for floor heating can lead to energy saving in a

residential building. This study focuses on the energy consumption by space heating

system in a half-duplex residential house located in Edmonton, Alberta. In the first

part, a sensor fusion model was designed to predict the occupancy status in the

residential building. To predict the occupancy, data including room temperature,

relative humidity, CO2 concentration, and day of the week were collected. The actual

occupancy status of the room was collected using a Passive Infrared (PIR) motion

sensor and the data sheets filled by the occupants. The study considered four different

machine learning algorithms including K-nearest neighbors (KNN), Gaussian Support

Vector Machine (SVM), Artificial Neural Network (ANN), and Decision Tree (DT)

to predict the state of occupancy for a room. The results showed KNN method

outperforms the other methods by reaching the Geometric Mean (GM) accuracy of

92% for occupancy prediction.

In the second part, a 3D energy model was developed for the entire house. The

energy consumption was simulated with and without considering occupancy informa-

tion using EnergyPlus software. The actual energy consumption of the house was

obtained from the gas meter. Using the developed model and methods of machine

learning, a virtual sensor was proposed to define the thermostat temperature accord-

ing to the desired temperature in the occupied rooms to reduce energy consumption

and improve the comfort level for the occupants. The results showed 9.5% to 30.7%

energy saving, depending on the occupancy-based control methods. In addition, the

results of the operating analysis showed a possible reduction of the yearly floor heat-
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ing cost of the testbed up to 329 CAD which is about 30% reduction in the yearly

heating cost of the building. Overall, this study quantized the importance of consid-

ering occupancy information in reducing energy consumption in residential buildings,

while maintaining or improving the occupants’ comfort.
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Chapter 1

Introduction

Residential and commercial buildings are the largest energy-consuming sectors in the

world and they are responsible for 40% of all primary energy usage in the US and

EU [3]. In Canada, residential and commercial/institutional sectors consume around

30% of the total energy consumption in the country. Among all the energy users

in the buildings, space heating and cooling account for 66% and 59% of the energy

usage in Canadian residential and commercial buildings, respectively [4, 5]. Despite

all the e�orts in the building industry to reduce energy consumption and emission

production in the building sector, the building industry is still responsible for one-

third of the greenhouse gas emissions worldwide [6]. Although new projects such as

energy-zero buildings and green buildings have increased energy e�ciency, but due to

the rapid growth in the building sector, and world population the energy consumption

in the building sector is expected to increase globally for the next 30 years by 1.3%

[7]. To this end, methods and tools to decrease the energy consumption of buildings
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are highly needed.

One of the e�ective methods in a Building Energy Management (BEM) system to

reduce the heating/cooling load of a building is detecting occupancy behavior in a

building and adjusting Heating, Ventilation, and Air Conditioning (HVAC) operation

accordingly [8]. The temperature range based on human comfort in occupied spaces

depends on di�erent parameters such as relative humidity, activity level, clothing,

etc. The comfortable temperature for an occupied space varies from 19.5°C to 27 °C

based on ASHRAE 55 standard [9]. In the winter time, when a space in a building

is unoccupied, the temperature can be lower than the recommended range in the

ASHRAE standard depending on the minimum safe temperature to avoid freezing in

a building and the minimum ventilation requirement to avoid forming mold. Although

it is di�cult to �nd a unique thermostat temperature for unoccupied buildings during

the cold season, the temperature range between 12°C to 16 °C is commonly used to

avoid any damage to the building and save energy [10, 11]. This can reduce the

heating load while the building is not occupied; thus, it reduces the building's energy

consumption.

Occupancy-based control system in a building can reduce the energy consumption

signi�cantly. The study in [12] shows the possibility of up to 80% saving in energy

consumption by using an occupancy-based feedback control system. Another study
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reported around 30% energy saving by using an occupancy pattern in a conference

room of a commercial building [13]. To this end, e�ective and low-cost methods for

occupancy detection are of high interest for buildings. The other parameter that

can contribute to the space heating energy consumption in a building is the HVAC

control system. According to the study in [14], occupancy-based control systems can

be divided into two main categories: user-de�ned schedule, and occupancy detection

and monitoring. The �rst category relies on the occupancy de�ned by human and

the latter uses di�erent algorithms and techniques to detect occupancy.

This study focuses on developing occupancy detection and monitoring control al-

gorithms and use of sensor fusion-based virtual sensor to minimize building energy

consumption. To achieve this goal, the real data is collected from a residential building

and plugged into di�erent machine learning algorithms for occupancy detection/pre-

diction, then the occupancy information is used to compare the possible energy saving

based on di�erent control policies.

1.1 Motivation

Despite numerous studies conducted for commercial/educational buildings to develop

occupancy models, residential buildings have not received the same attention in the

literature [15]. Fig 1.1 shows that studies on residential buildings only shape about

3



20% of the studies in this �eld.

Figure 1.1: Comparison of the studies using occupancy detection methods in residen-
tial and non-residential buildings. Populated based on data provided in [15].

The gap in the number of studies on residential compared to non-residential build-

ings is despite the fact that energy consumed for space heating or cooling in residential

buildings is more than that in commercial and institutional buildings and so is the

possibility of energy e�ciency improvement. Figure 1.2a and 1.2b illustrate energy

consumption in both residential and commercial buildings. As can be seen in both

residential and commercial buildings space heating accounts for more than 50% of en-

ergy consumption in the buildings. In addition, the energy that is utilized for space

heating in commercial/institutional buildings is only 60% of the energy used for space

heating in residential buildings. Figure 1.2c shows that natural gas is the main source

of energy for space heating in residential buildings and in 2018 544 PJ of natural gas
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was burned to provide heat for residential buildings in Canada.

Among residential buildings, non-apartment dwellings including, row houses, single

detached houses, and duplexes account for 65.5% of the housing in Canada [17]. As

presented in Figure 1.3 they consume 88% of the energy in the residential sector.

These facts highlight the need for further research on low-cost methods to reduce

energy consumption in residential buildings, particularly in non-apartment dwellings.

The lack of research in the area of energy optimization on residential buildings despite

their share in energy consumption is one of the main reasons that motivated research

in this thesis.

In addition, forced air furnace stands for more than 50% of the heating system used

in Canadian houses in 2021 [18]. They provide heat for the entire house/apartment

based on sensing the temperature at one area of the building which normally is a

common location in the building such as the entrance or hall. Although the goal is

to install the thermostat in a place that is used by the occupants more frequently,

it cannot consider the occupancy of the other zones of the building. This research

proposes a virtual temperature sensor and investigates its e�ciency to determine the

set temperature based on the occupied areas in the building to reduce the heating

system's energy consumption.
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(a) Energy consumption in residential build-
ings

(b) Energy consumption in commer-
cial and institutional buildings

(c) Source of energy consume for space heat-
ing in residential buildings

Figure 1.2: Comparison of energy consumption in Canadian a) residential and b)
commercial and institutional buildings, and c) di�erent energy sources used for space
heating in residential buildings [16].
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Figure 1.3: Total energy consumption in Canadian residential households in 2019
based on the type of dwelling. Created based on the data presented in [19].
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1.2 Literature review

Using occupancy-based algorithms in building management system, has gained more

attention from researchers in the past two decades as the information revealed by this

method can be used to optimize energy consumption in buildings and design smart

grids [15, 20].

1.2.1 Occupancy detection

Fig 1.4 shows the taxonomy of the occupancy-based models in the literature. Im-

plementation of occupancy detection can be divided into two groups: i) occupancy

sensing and detection, and ii) occupancy prediction. The former can either be used

as a stand-alone method to sense the occupancy in buildings and take control action

accordingly or can provide insight to the latter to predict the occupancy for future

states [21].

The most basic way to implement the state of occupancy in building energy man-

agement is to use manual or programmable thermostats and then let the occupants

adjust the set temperature based on their comfort level or occupancy. Although some

articles show about 5% energy saving [62, 63], the negative e�ect on energy saving

has been also reported by other researchers due to human intervention in this method

[64, 65].
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Occupancy
based models

Occupancy
Prediction

O�ine trained
models [22{25]

Online trained
models

ANN [26{28]

KNN [29{32] SVM [27,
29, 31, 33]

Decision
tree [32, 34]

MM and
HMM [27, 35{38]

Occupancy
sensing and
detection

User-de�ned
occupancy

[39{41]

PIR [8, 42{44]

RF [45{48]

Sensor fu-
sion [33, 49{53]

Camera [54{56]

WLAN, WiFi,
and Bluetooth
usage [57{61]

Figure 1.4: Classi�cation of the occupancy-based models in the literature.
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There are di�erent methods which can be used to detect the occupancy in buildings

without human intervention:

ˆ Video camera

ˆ Passive Infra Red (PIR) motion detection sensor

ˆ Radio Frequency (RF) sensor

ˆ WLAN, Wi-Fi and Bluetooth usage

ˆ Sensor fusion

Among the above-mentioned methods, video cameras, motion detection sensors,

sensor fusion, and Wi-Fi usage provide the highest to the lowest accuracy of occupancy

detection, respectively [45]. Using a camera provides accurate occupancy information

in a range of 95% to 100% [20]. Researchers in [55] used cameras to monitor occupancy

for 24h monitoring purposes in a commercial building in Taiwan. In another study,

Liu et al. [66] deployed vision sensors to �nd human heads in the room. Despite

the accuracy of cameras, due to strict privacy policies and camera cost, using these

methods is not feasible all the time, speci�cally for residential buildings [8, 20, 67].

Devices, such as laptops or smartphones, connected to a Wi-Fi network have been

also used to determine/count occupancy mostly in commercial buildings [57, 58];
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however, for residential buildings, its accuracy will decrease signi�cantly since all

devices normally connect to one access point despite being in di�erent zones in the

house [57]. PIR sensors have been also used in many research studies due to their

low cost [8, 42{44]; however, sometimes the lag in the sensor response can cause

inaccuracy in the result [20].

RF signal technology is another tool for occupancy detection that has been studied

in the building industry [45{48]. It can provide more than 85% accuracy, but it re-

quires a large number of reference points and its accuracy drops when reference points

are not su�cient [20]. Using sensor fusion can provide accurate occupancy informa-

tion for the building control system without creating any privacy issues; however,

implementing this method usually needs data from multiple sensors such as CO2,

temperature, humidity, light, etc. Some of these sensors could be expensive for a

residential building, but in recent years some of these sensors are already installed in

residential buildings for other reasons e.g., safety or being integrated into other smart

devices such as smart appliances. The accuracy of the occupancy detection based on

sensor fusion methods is highly dependent on the resolution of the data collected from

the sensors. As shown in Fig 1.5 occupancy resolution can be improved by collecting

more data about the occupants or their activity, considering the smaller time interval

for data gathering, and using more sensors to cover a speci�c area in the building
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[68].

Figure 1.5: Di�erent parameters a�ecting occupancy resolution. Occupancy resolu-
tion increases from left to right (Reproduced from [68]).

The accuracy of studies that combined sensor fusion and data-driven classi�cation

models for occupancy prediction varies between 60% to 98% in [15]. A wide range

of classi�cation algorithms including Arti�cial Neural Network (ANN) [26], Support

Vector Machine (SVM) [29], K-Nearest Neighbors (KNN) [29, 30], Hidden Markov

Model (HMM)[8, 29] and Decision Tree [8] have been implemented in the literature

for occupancy prediction.

Hailemariam et al. [34] reported 98% accuracy using the decision tree algorithm

12



to analyze the data collected from multiple sensors in a public o�ce. Dong et al. [27]

used ANN for o�ce space and achieve 75% performance. Other researchers claimed

more than 90% accuracy using the same method [32, 69]. Most of the studies that

used environmental sensors have a non-residential testbed for their studies and the

accuracy of these models on residential buildings need to be studied.

Kleiminger et al. [31] applied SVM model to the data collected from smart meter

in a residential building and predicted occupancy with up to 94% accuracy. They

reported 92% accuracy using KNN algorithm for the same project. Although using

devices such as smart meters can provide good accuracy for occupancy prediction,

they normally use a large number of features to train their model. (Kleiminger et al.

[31] used 35 features in their research). Another challenge in monitoring electricity

consumption for occupancy prediction is that in a situation where occupants don't

use electronic devices, these models fail to provide an accurate prediction.

1.2.2 Virtual sensors/thermostat

The idea of using virtual sensors to estimate data from locations that are di�cult

to measure by the actual sensors started in the early 1980s and then swiftly was

implemented in di�erent industries such as process engineering, autonomous robots,

and the automotive industry in the late 1990s [70]. The building sector started to
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use virtual sensors in the early 2000s for di�erent applications including chillers, heat

pumps, and air handling units [70].

Virtual sensors can be used in buildings to provide an accurate estimate of the

selected variable by forming a relationship with the data provided by the actual sen-

sors [71]. They can be used for Fault Detection and Diagnosis (FDD) of di�erent

equipment in the building. Li et al. [72] used virtual sensors in a decision tree model

for fault diagnosis of a variable refrigerant 
ow (VRF) system. Another study used

the virtual sensors method to develop an FDD system to monitor compressor perfor-

mance, refrigerant charge, fouled condenser, evaporator �lter, and faulty expansion

device [73]. In addition, virtual sensors can be developed to provide backup for the

actual sensors [74{76].

The virtual sensors also were used for energy consumption and monitoring in the

buildings. Ploennigs et al. [77] proposed a virtual sensor model to estimate rooms'

heating consumption and thermal comfort in a building at University College Cork.

They developed their model in a building that is equipped with BMS and provides

a wide range of data through the actual sensors installed in the building. Alhashme

and Ashgriz [78] used Computational Fluid Dynamics (CFD) to develop a virtual

thermostat that controls the HVAC system based on the temperature of the desired

room.

14



The goal of this study is to develop an a�ordable virtual sensor model for residential

buildings without the need for an extensive number of actual sensors that can virtually

adjust the main thermostat temperature in the building according to the desired

temperature in the occupied areas.
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1.3 Thesis Objectives

To address the discussed challenges in Section 1.2, this thesis aims to:

ˆ Propose a low-cost occupancy prediction method that can be used for residential

buildings with respect to the privacy of the occupants using machine learning

algorithms.

ˆ Develop a virtual sensor in combination with occupancy information to control

the building temperature based on occupied zones and required comfort levels.

ˆ Compare di�erent HVAC control policies and their energy saving in a residential

building.

1.4 Thesis Outline

Chapter 2 provides information about the experimental setup of the study including

the testbed characteristics, sensors placement and the data collected for this study.

In Chapter 3, the process of 3D modeling the building and simulation of the energy

modeling is illustrated and the outputs of the model are validated using the measured

parameters. Chapter 4 explains di�erent AI models that are used for occupancy pre-

diction and their performance are compared against each other. Next, the occupancy

data is used in Chapter 5 to minimize energy consumption in the building. Mul-
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tiple control strategies and household savings based on energy prices in Edmonton

are studied in this Chapter 5. Finally, Chapter 6 discusses the conclusions from this

study, and o�er recommendations for future work.
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Chapter 2

Experimental setup

In this chapter, the experimental setup for collecting data is explained.

2.1 Testbed

2.1.1 Building information

The testbed in this study is a half-duplex residential house located in the Southwest

of Edmonton, Alberta. Figure 2.1 presents the actual image of the house.

Figure 2.1: North view of the house used as the testbed in this thesis.
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As seen in Figure 2.2, the testbed consists of three 
oors including two residential


oors, and a basement. The main 
oor has a kitchen with an open concept, a living

room, a half bathroom, and a foyer. It has access to the basement and garage;

however, the doors to those areas were usually closed during the study. Also, the

main 
oor is connected to the second 
oor through open stairs. The second 
oor

includes three bedrooms and two bathrooms, and a small hall that connects three

bedrooms. The basement provides an ample storage area, and it also includes a

furnace, water heating system, washing machine, and dryer.

Figure 2.3 depicts the layout of the �rst and second 
oors, along with the locations

of the 
oor registers for the supply air coming from the heating system.

The building is equipped with a NEST thermostat E that is installed in the foyer

area. It controls the temperature of the building by turning On/O� a TRANE Up
ow

left-induced draft gas furnace (Model: TUE1B080A9361A) that works with natural

gas. Another natural gas consumer in the building is a BRADFORD WHITE water

heater that provides hot water for the building. (See Figure 2.4). The speci�cations

of the heating system and water heater are described in Section 2.1.2.
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(a) Second 
oor

(b) First 
oor

(c) Basement

Figure 2.2: 3D views of the testbed's 
oors.
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(a) First 
oor (b) Second 
oor

Figure 2.3: Floor layout and supply air registers' locations. All dimensions are in cm.
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(a) Gas furnace (b) Water heater

Figure 2.4: Gas furnace and water heater that are installed in the basement.
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2.1.2 HVAC system

The building is equipped only with a heating system that provides heat during the

cold season (i.e., September to May). The speci�cation of the furnace is presented in

Table 2.1.

Table 2.1: Heating system speci�cations.

Furnace rating

Nominal Capacity 84,000 kJ/hour

Actual Capacity 66,500 kJ/hour

Temp.rise (Min.-Max) 16 - 33°C

Blower Drive

Motor 0.25 kW

Speed 1075 R.P.M.

Electric
Voltage/Phase/Frequency

115/1/60 Volts/Ph/Hz

The furnace burns natural gas with 80% e�ciency (Ratio of the actual capacity to

nominal capacity) to heat the input air passing through the furnace's heat exchanger.

This input air is consists of combination of fresh air and the return air coming back

from the building's rooms. Then the warm air is blown to the di�erent regions of the

house that have air registers by the blower through the supply air ducting system,

and �nally, part of the cool air returns to the furnace by the return ducting system.

This process is shown in Figure 2.5.

The control system of the furnace is rule-based. It turns the system on when the
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Figure 2.5: Schematic of the heating system used in the testbed [79].

temperature of the NEST thermostat falls 2°C below the set temperature and turns

the blower o�, and puts the burner on pilot mode (To provide the ignition source for

the furnace's burner) when it reaches 2°C above the set temperature. In addition, an

automatic storage water heater that works with natural gas supplies the hot water

for the building. Speci�cations for the water heating system are shown in Table 2.2.

The house uses natural ventilation during spring and summer, and the temper-

ature is controlled by adjusting windows and doors based on the outside noise and

24



Table 2.2: Water heating system speci�cations.

Water heating rating

Input 37,980 kJ/hour

Capacity 0.15 (m3)

Working pressure 1030 kPa

occupants' comfort level.
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2.2 Data collection

2.2.1 Sensors setup

As described before, a NEST thermostat controls the heating system in the building.

The speci�cations of this thermostat are presented in Table 2.3. This thermostat is

equipped with a motion sensor to detect occupancy and decrease the set temperature

automatically during no occupancy. However, it only collects the occupancy infor-

mation in its surrounding area, part of the main 
oor, not the entire building. The

algorithm or data collected by this thermostat were not available to the user.

Table 2.3: Nest Thermostat E speci�cations.

Multiple sensors were placed on the testbed to collect the required data for this

study. These sensors and their speci�cation are listed in Table 2.4 and their images are

shown in Figure 2.6. In addition, the sensors' catalogs are presented in Appendix C.

In addition to the NEST thermostat, two Monnit wireless PIR motion detection
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sensors were installed on the �rst and second 
oors to track the occupancy activity

in the building. The PIR sensor on the main 
oor can cover the entire main 
oor

including the kitchen and living room while they are occupied. In addition, two

Omega temperature/humidity loggers were placed in the living room and foyer to

collect the data from the �rst 
oor (Figure 2.7a). Two of the three bedrooms on the

second 
oor were mostly occupied during nights (Master bedroom and bedroom in

Figure 2.7b), but the other one (O�ce) was used for other purposes and could be

occupied during days. The bedroom that was used as an o�ce was equipped with the

second PIR sensor. As this room was mainly occupied during the day and the state

of occupancy was more diverse than the other bedrooms, a T and D CO2 recorder

was placed in this room to collect the CO2 concentration, temperature, and relative

humidity. These data later were used to investigate the occupancy prediction using

environmental data. For the other bedrooms on the second 
oor, an Omega and

an Elitech temperature/humidity loggers were used to measure the temperature and

relative humidity in the master bedroom and bedroom accordingly (Figure 2.7b).
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Figure 2.6: Sensors used for this study and their images.
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(a) First 
oor

(b) Second 
oor

Figure 2.7: The location of the installed sensors in the building
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2.2.2 Real-time data collection of natural gas consumption

The main heating energy consumption includes the use of natural gas in the house

gas furnace and the water heater. To measure real-time natural gas consumption

accurately, two smartphone cameras, one iPhone 5s, and one Samsung S8+, recorded

videos of the gas meter of the house and the burner of the water heating system. The

speci�cations for both smartphones' cameras are listed in Table 2.5.

The �rst camera recorded the real-time natural gas consumption in the house

(Figure 2.8a). The gas meter measures the natural gas consumption in ft3. The

last two digits should be read from the two clock-style registers. Each spin on the

left register shows half a cubic foot and on the right one count two cubic foot. The

second camera recorded the state of the water heating system burner at each time

(Figure 2.8b). Both heating and water heating systems have only two states, ON

or Pilot. When the burner is in the Pilot state, it is not completely OFF, but it

only consumes a low amount of energy and makes it easier to turn the burner ON

again when the heat is needed. The actual natural gas consumption by these systems

was calculated by comparing and syncing the recorded videos and the state of the

heating system's furnace, provided by the NEST thermostat (Figure 2.8c). The bars

illustrate the time that furnace was on and the numbers inside the circles show the
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set temperature for the thermostat.

Table 2.5: Cameras' speci�cations of the smartphones used for recording the gas
meter data and water heater burner status.

Device Camera speci�cations

iPhone 5S
8 MP with 1.5µ pixels

f/2.2 aperture

Samsung S8+ 12 MP, f/1.7, 26mm (wide)

2.2.3 Summary of data collected

The data collection process for this study began in July 2021 and �nished in May

2022. Because not all the sensors listed in Table 4 were installed in the testbed

simultaneously, the number of sample data collected by each sensor is di�erent. The

data collection periods and sample data for each sensor are presented in Table D.1.

In total, 814935 data samples were collected for this thesis. A sample of collected

data is shown in AppendixD.
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(a) Gas meter

(b) Water heating system's burner Pilot (c) Water heating system's burner On

(d) NEST thermostat snapshot showing the furnace operating time. The numbers
inside the circles show the set temperature for the thermostat.

Figure 2.8: Snapshots of a) The gas meter, b and c) the water heating system's burner
status (when the burner is ON blue 
ame is visible in the video as can be seen on
c), and d) Heating system operating condition, used in the project to calculate the
real-time natural gas consumption for heating and water heating systems.
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Table 2.6: The time periods data collected and the number of recorded data samples
available for each sensor.

Sensors Data collection period(s) Available sample data

T and D Wireless
CO2 Recorder

July 1st, 2021 to October 26th, 2021
February 14th, 2022 to May 31st, 2022

254300

Omega WiFi
Wireless
Temperature and
Humidity Data
Loggers

July 1st, 2021 to April 14th, 2022 403670

Monnit Wi-Fi
Infrared Motion
Sensor

March 3rd, 2022 to May 31st, 2022 129600

Elitech RC-4HC
Digital
Temperature and
Humidity Data
Logger

April 14th, 2022 to May 3rd, 2022 27365

The data collected from the Elitech sensor installed outside of the house was used

to verify that the weather information retrieved from the weather stations was rea-

sonably close to the outside temperature around the house. Figure 2.9 compares the

measured temperature for the outside temperature and the temperature reported by

di�erent weather stations.
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Figure 2.9: Comparision between the outside temperature measured in the back yard
and the temperature reported by di�erent weather stations.
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2.3 Uncertainty analysis

For this study, di�erent data were collected by multiple sensors. The uncertainty

associated with the measurement process and measurement devices can a�ect the

conclusion. The uncertainties for the measured parameters used in this study are

documented in Table 2.7. The propagated uncertainty for a derived parameterY in

Equation( 2.1) can be calculated according to Equation( 2.2) [80].

Y = f (X 1; X 2; :::; X n ) (2.1)

UY =

vu
u
t

X

i

�
@Y
@Xi

� 2

U2
X i

(2.2)

Where, Y is the calculated parameter,X is the measured parameter,UY is the

uncertainty in the derived parameter, andUX is the uncertainty in the measured

parameter. The uncertainties for the calculated parameters are listed in Table 2.7.

Table 2.7: Measured parameters and associated uncertainties.

Parameter [Unit] Value Uncertainty

Temperature [°C] 10 - 40 ± 0.3 to ± 0.6

Relative Humidity [%] 5 - 40 ± 2.5% to ± 5%

CO2 Concentration [ppm] 200 -1300 ± 60 to ± 115

Natural gas consumption [ft3] 0.05 - 20.4 ± 0.05

Supply air register dimension [m] 0.1 - 0.3 ± 0.001

Supply air velocity [m/s] 2.5 to 6 ± 2.5%

36



Table 2.8: Derived parameters and associated uncertainties.

Parameter [Unit] Value ± Uncertainty

Natural gas 
ow rate [ft 3/hr] 85 ± 3.5

Air 
ow rate @ o�ce [m 3/s] 0.064± 0.008

Air 
ow rate @ Master bedroom [m3/s] 0.075± 0.008

Air 
ow rate @ Foyer [m 3/s] 0.114± 0.015

Air 
ow rate @ Kitchen [m 3/s] 0.1375± 0.015

Air 
ow rate @ Living room [m 3/s] 0.105± 0.011

Air 
ow rate @ Bedroom 2 [m3/s] 0.06 ± 0.008

Air 
ow rate @ Washrooms [m3/s] 0.015± 0.002
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Chapter 3

3D modeling of the building,
energy simulation and validation

As explained in 2.1 the testbed of this study is equipped with a heating system and

there wasn't any possibility to make changes in the heating unit or its control system.

To be able to apply di�erent control strategies and compare their performances to-

gether, an energy model of the building and its heating system is needed. This model

can be used to calculate energy consumption and temperature pro�le in the building.

There are di�erent tools in the market that can be used for building energy mod-

eling including EnergyPlus, TRNSYS, and TRACE 3D Plus. EnergyPlus is a free,

open-source program developed with the funding from U.S. Department of Energy

(DOE) that can be used for whole-building energy simulation [81]. TRYNSYS is a

modular program developed by researchers at the University of Wisconsin Madison

that can be used for applications such as solar systems, HVAC, and renewable energy

systems [82]. TRACE 3D Plus is another building design and analysis software de-

38



veloped by TRANE Co. It is built on EnergyPlus and can be used to model building

and its HVAC system [83].

In this study, EnergyPlus and its graphical interface, OpenStudio were utilized to

create the building energy model as they are open source software and widely used for

energy simulation of the buildings. In addition, all the required details for the energy

simulation can be added to these software. The 3D model of the building was created

using Sketchup, and this model was then imported into OpenStudio to specify building

envelope parameters, weather information, number of occupants, occupancy schedule,

equipment, and their schedule, lighting, and HVAC system. Finally, EnergyPlus was

used to solve the energy model and calculate the energy consumption in the building.

This process is shown in Figure 3.1. In the next three sections, more details about

these steps are provided.

Figure 3.1: The process used to create the building energy consumption model.
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3.1 Building 3D modeling

To create the 3D model that is required for the energy model, the building dimen-

sions were measured and a 2D model was created in AutoCAD. After that, the 2D

model was used to create the 3D model of the building using SketchUp. Sketchup

was selected as the software to create the 3D model because there is a built-in Open-

Studio add-on that can be installed to de�ne the building's thermal characteristics

for EnergyPlus. To be able to track the temperature in di�erent rooms, the building

was divided into di�erent zones to make sure the temperature of di�erent areas can

be extracted from EnergyPlus's reports. Three zones were separated from others as

there was no heating in those areas (Basement, roof, and garage). Having sensors

installed in an area or having separated supply air grills were other parameters that

were considered for zoning the building. The characteristics of each area are listed

in Table 3.1. The NEST thermostat is installed in the Foyer. The bedroom (O�ce)

that is equipped with a CO2 and motion detection sensor was used to develop the

occupancy prediction model. All thermal zones are shown in Figure
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Table 3.1: Characteristics of di�erent de�ned thermal zones in the testbed.

Area

(Thermal Zone)

Surface

(m 2)

Volume

(m 3)

Air conditioned

(Y/N)

Basement 44.03 107.36 No

Bathroom master bedroom 4.4 10.73 Yes

Bathroom second 
oor 3.15 7.68 Yes

Bedroom (O�ce) 13.2 32.19 Yes

Bedroom 2 13.2 32.19 Yes

Foyer 7.07 17.25 Yes

Garage 19.37 47.23 No

Half bathroom main 
oor 2.03 4.94 Yes

Hall 5.25 12.8 Yes

Kitchen 19.98 48.72 Yes

Living room 10.12 24.68 Yes

Master bedroom 20 48.77 Yes

Roof 71.86 10 No

Stairs 2.3 22.02 Yes

Total (conditioned area) 100.7 309.19
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(a) Second 
oor

(b) First 
oor

(c) Basement

Figure 3.2: Schematic of the thermal zones in the building.
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The materials that were used to model the building envelope have been listed in

Table 3.2. Due to the lack of access to the construction documents of the building,

one of the construction sets of the EnergyPlus library that complies with ASHRAE

198.1 2009 standard for climate zone 3 is used to de�ne the building's materials.

Table 3.2: Building components properties used in the building model.

Building
component

Material
Layers

Thickness
(m)

Thermal
conductivity
(W/(m.K))

Exterior walls

1IN Stucco 0.025 0.692

8IN Concrete 0.203 1.730

Wall Insulation-36 0.057 0.043

1/2IN Gypsum 0.013 0.160

Exterior 
oors
4 HW Concrete 0.102 1.311

CP02 Carpet Pad 0.010 0.100

Exterior roofs

Membrane 0.010 0.160

Insulation-21 0.211 0.049

Metal Decking 0.002 45.006

Interior walls

G01a 19mm gypsum board 0.019 0.160

F04 Wall air space resistance 0.020 0.134

G01a 19mm gypsum board 0.019 0.160

Interior 
oors

F16 Acoustic tile 0.019 0.060

F05 Ceiling air space resistance 0.020 0.112

M11 100mm lightweight concrete 0.102 0.530

Ground 
oors
4 HW Concrete 0.102 1.311

CP02 Carpet Pad 0.010 0.100

Windows Theoretic Glass-202 0.003 0.0192

Doors
F08 Metal surface 0.001 45.280

I01 25mm insulation board 0.025 0.030
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EnergyPlus calculates the radiation based on the location of the building and the

weather �le provided by the user. Data from the Edmonton South Campus weather

station [84] were used as the weather source in this study. Conduction from the

outside of each zone through building elements, convection to the air in each zone,

shortwave radiation from solar through windows, and longwave radiation from other

sources in the zone will be considered in EnergyPlus to solve the heat balance equation

in each zone [85].
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3.2 Energy model and simulation

After creating 3D model of the building, it was imported into OpenStudio. The build-

ing that is used in this study shares the east wall with its neighbor (Figure 2.1) and is

exposed to the outside air from the other sides. As the temperature of the neighbor-

ing building cannot be monitored, it has been assumed that there is not a signi�cant

di�erence between the temperature in both buildings; thus, during simulation, the

east wall has been de�ned as an adiabatic wall (no heat transfer between both sides

of the wall). In the testbed, basement, garage, and roof area didn't receive any heat

directly from the furnace and were not considered as the conditioned area. In total,

there are 39.2 m2 of conditioned surface on the main 
oor and 61.5 m2 on the second


oor.

To be able to create an accurate energy model of the building the air
ow provided

by the heating system at each zone needs to be known. Thus, the dimensions, air

velocity, and 
ow rate of each supply air register were measured (Figure 3.3). To

measure the air velocity a Fluke 922 air
ow meter was used. Table 3.3 presents the

speci�cation of the air
ow meter. This information was used to calculate the air
ow

rate for each air supply register and then the results were inserted into the EnergyPlus

model. The locations of all air supply registers were previously shown in Figure 2.3.
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Figure 3.3: Measuring air velocity for each supply air register.

Table 3.3: Fluke 922 air
ow meter technical speci�cation.

Range / Resolution / Accuracy

Air pressure ± 4000 Pascals / 1 Pascal /± 1% + 1 Pascal

Air velocity 1 to 80 m/s / 0.001 m/s / ± 2.5% of reading at 10.00 m/s

Air 
ow (volume) 0 to 99,999 / 1 m3/hr / Accuracy is a function of velocity and duct size

Temperature 0°C to 50°C / ± 1% + 2°C / 0.1°C
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3.3 Model Validation

To validate the model, two metrics including Normalized Mean Bias Error (NMBE)

and Root Mean Square Error (RMSE) are used to compare the accuracy of the simula-

tion with real data collected from the building [86]. According to di�erent documents,

including Federal Energy Management Program (FEMP), and ASHRAE guideline 14,

NMBE between -10% and +10%, and RMSE less than 30% are acceptable for simu-

lation of an energy model [86].

NMBE =
1
m

�
P n

i =1 (mi � si )
n � p

� 100% (3.1)

RMSE =
1
m

�

s P n
i =1 (mi � si )

2

n � p
� 100% (3.2)

Where, mi is the measured value,si is the simulated value,m is the mean of

measured values,n is the number of measured data sample, andp is the number of

adjustable model parameters which are considered to be zero in Equation (3.1) and

is equal to one in Equation (3.2).

3.3.1 Natural gas consumption

By syncing the data collected from the water heating system's burner and the space

heating system's burner, four distinct periods of natural gas consumption are de�ned:
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1. Space Heating system and Water Heating system On

2. Space Heating system On, Water Heating system on Pilot

3. Space Heating system on Pilot, Water Heating system On

4. Space Heating system and Water Heating system on Pilot

Finally, the natural gas consumption rate for each of these periods was calculated

by considering the recorded videos of the gas meter. These rates can be seen in

Table 3.4.

Table 3.4: Natural gas consumption rate for the space heating and water heating
systems when they are On or on Pilot mode. Data was collected on February 19,
2022.

Start
time

End
time

Space heating
system status

Water heating
system status

Natural gas
Consumption
(ft 3)

Duration
(min)

Consumption
rate (ft 3/hr)

10:05 10:12 On Pilot 9.0 7 77

10:12 11:36 Pilot Pilot 0.7 84 0.5

11:36 11:52 Pilot On 9.0 15.5 34.8

11:52 11:54 On On 5.0 2.5 120

11:54 12:05 On Pilot 18 14 78

14:30 14:31 On On 0.95 0.5 114

14:31 16:29 Pilot Pilot 0.65 118 0.3

16:29 16:30 On Pilot 1.4 1 84

16:30 16:41 Pilot Pilot 0.05 11 0.3

16:41 17:15 Pilot On 20.4 33 37

Because the natural gas consumption rate of the heating units is �xed, for a 15-day

period between April 3, 2022, and April 17, 2022, the rates in Table 3.4 were used
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to calculate the heating systems' natural gas consumption on a daily basis. Then

NMBE and RMSE were calculated to �nd the accuracy of the simulation model. Fig.

6 compares the energy consumption for the heating system based on the measured

data and the result of the energy model. Both NMBE and RMSE satisfy the criteria

of acceptance of the model (see Section 3.3) and show that the energy model simulates

the energy consumption in the building with good accuracy with NMBE of 2% and

RMSE of 9%. The gap between measured consumption and the simulation result on

April 8, 2022, is due to the unusual commute to the backyard from the kitchen that

was not possible to capture through the energy model. The increase and decrease

in energy consumption are mostly a�ected by the outside temperature (e.g., as the

outside temperature decreased between April 9 and April 17, the energy consumption

has been increased in the building).
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Figure 3.4: Experimental validation of the model for simulating the energy consump-
tion for the space heating system compared to measured data for the data collected
from April 3, 2022, to April 17, 2022.
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3.3.2 Rooms' temperatures

In this study, not all the rooms and zones in the house are equipped with temperature

sensors. To be able to use room temperature obtained from the energy model for

the rest of the study, the simulated temperature from di�erent rooms needs to be

validated with the measured temperatures. For this purpose, the temperature of four

zones in the building including; the foyer, living room, master bedroom, and o�ce,

were collected between April 3rd, 2022 to April 4th, 2022, using the sensors that

were installed in those areas and were compared with the simulated temperatures

from the energy model. Figures 3.5 and 3.6 illustrate the measured temperatures

and simulated temperatures between April 3rd, 2022, to April 4th, 2022 for all four

areas. The di�erence between the sensor data and the simulated temperature could

be the result of di�erent parameters including capturing solar energy in the building

in the model, the number and activity of the occupants in the room, the accuracy of

the sensors, and outside conditions obtained from the weather station and the actual

condition of the testbed.
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(a) Foyer

(b) Living room

Figure 3.5: Measured temperature against simulated temperature for the foyer, and
living room between April 3rd to April 4th, 2022.
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(a) Master bedroom

(b) O�ce

Figure 3.6: Measured temperature against simulated temperature for the master
bedroom, and o�ce between April 3rd to April 4th, 2022.
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The model validation results are presented in Table 3.5. The validation results

show that the temperatures from the energy model for the rooms in the building can

be used with good accuracy without the need to install many temperature sensors in

the building.

Table 3.5: The validation results for room temperatures.

2 days validation with

1 minute time interval

NMBE (%) RMSE (%)

Foyer 0.3 3.1

O�ce 0.9 6.4

Master bedroom 1.5 6.3

Living room 1.8 3.6
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Chapter 4

Machine learning based occupancy
detection

4.1 Occupancy detection using environmental data

As discussed in Chapter 1, sensor fusion is one of the methods that have been used

to detect or predict the state of occupancy in buildings without creating any privacy

issues. For this study, four di�erent classi�ers that reported high accuracy for oc-

cupancy prediction in the literature [8, 26, 29, 30, 53, 87] were used to predict the

state of occupancy in the o�ce (Figure2.3b and 2.7b) using CO2 concentration, room

temperature, room relative humidity, and day of the week. These classi�ers include:

1. K-nearest neighbors (KNN)

2. Arti�cial neural network (ANN)

3. Support vector machine (SVM)

4. Decision tree (DT)

55



Figure 4.1 depicts the inputs and output of these classi�ers.

Figure 4.1: Structure of the classi�ers and inputs and output of the model

Temperature and relative humidity sensors are a�ordable to install in di�erent

residential building zones to record the data to train the occupancy detection models,

but CO2 concentration sensors are expensive. To investigate the possibility of using

more a�ordable sensors for occupancy detection, the performance of the classi�ers

has been calculated with and without CO2 concentration data.

Here each of the four classi�ers and their design parameters is explained.

4.1.1 KNN

KNN �nds the k nearest training points based on a selected distance metric to classify

the test point according to the label of most of those k points [88]. Figure 4.2

demonstrates the KNN method for an algorithm with four neighbors.

To determine the nearest neighbors di�erent distance measures can be used. The
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Figure 4.2: KNN schematic for 4-nearest neighbors. The algorithm labels the test
data based on the labels for the 4 nearest neighbors.

most common one is the Euclidean distance which can be calculated as

d =

vu
u
t

kX

i =1

(x i � yi )2 (4.1)

4.1.2 ANN

A neural network consists of three sections: input layer, hidden layers, and output

layer. As can be seen in Figure 4.3 It feeds the input layer to the �rst hidden

layer of the network and performs the activation calculation which can be chosen

from di�erent functions e.g., sigmoid, ReLU, etc. The output of each layer will

be calculated by summing the input and applying the transfer function to it. After

calculating the output of the network, the weight of each neuron (� k
ij ) will be modi�ed

by using a back-propagation algorithm to minimize the error [89].
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Figure 4.3: Structure of an ANN model.

For an ANN model, the cost function can be de�ned as [90]

J (� ) =
mX

i =1

(h� (x i ) � yi )2 +
�
2

K � 1X

k=1

SkX

i =1

Sk +1X

j =1

(� (k)
j;i )2 (4.2)

Where K is the summation of the input, output, and hidden layers,Sk is the

number of neurons in thekth layer, and m is the size of the training set.

4.1.3 SVM

The Support Vector Machine is one of the supervised classi�ers that solve a convex

quadratic programming problem [90]. SVM classi�ers label the data by forming

hyperplanes to separate the data and then try to maximize the margin between the

hyperplane and the data to increase the con�dence of classi�cation [91].
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Ng [92] shows that for a linear classi�er with a two labels classi�cation including

y 2 f� 1; 1g, the hyperplane with parametersw and b that separates the dataset can

be presented as

hw;b(x) = g(wT x + b) (4.3)

g(z) = 1, if z � 0 and g(z) = -1, if z � 0. As can be seen in Figure 4.4, the SVM tries

to �nd and maximize d in a way that no training set falls into the area between two

dashed lines to increase the con�dence in our regression. This can be written as

Figure 4.4: SVM schematic.

min w;b =
1
2

kwk2

s:t: yi (wT x i + b) � 1; i = 1; :::; m

(4.4)

Using the Lagrangian method to solve the optimization in Equation(4.4), the decision
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boundary can be calculated as

wT x + b=
mX

i =1

� i y(i )hx i ; xi + b (4.5)

Where, � i is the Lagrange multiplier andhx i ; xi is the inner product ofx i and x.

To �nd the Lagrange multipliers, a dual optimization problem can be written as

max� W(� ) =
mX

i =1

� i �
1
2

mX

i;j =1

yi yj � i � j xT
i x j

s:t: 0 � � i � C; i = 1; :::; m

mX

i =1

� i yi = 0

(4.6)

4.1.4 DT

The decision tree is a classi�cation algorithm that can be used for both discrete and

continuous variables. The main terminologies in DT including

ˆ Nodes: each node in DT algorithm could be a root node, internal node and leaf

node (Figure 4.5)

ˆ Branches: Each branch is a path from the root node/internal node to another

internal node or leaf node

ˆ Splitting: Input variables that are related to the target variables can be used

to divide parent nodes (root node/internal node) into child nodes (internal

node/leaf node).
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ˆ Stopping: Set of rules that protect the model to become complex.

Some of these de�nitions are shown in Figure 4.5. The DT algorithm splits parent

nodes into child nodes by using the input variables till getting into the terminal nodes

(leaf nodes) or reaches the stopping rule [93].

Figure 4.5: DT schematic.

The design parameters for the four classi�ers used in this study are shown in

Table 4.1.
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Table 4.1: Design parameters of the four classi�ers used in this study.

Machine learning algorithm Design parameters

K-Nearest Neighbors

Weighted KNN with 10 neighbors

Distance metric: Euclidean

Distance weight: Squared inverse

Arti�cial Neural Network

2 layers

First layer size: 15

Second layer size: 15

Activation: ReLU

Iteration limit: 1000

Lambda: 0

Gaussian Support Vector Machine

Kernel function: Gaussian

Box constraint level: 1

Multiclass method: One-vs-One

Decision Tree
Maximum number of splits: 20

Split criterion: Gini's diversity index
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4.2 Model performance

Accuracy is the most common metric that has been used to measure the performance

of a classi�er. The accuracy is calculated using Equation(4.7).

Acc =
TP + TN

TP + TN + FP + FN
(4.7)

Where,

ˆ TP (True Positive) is the number of samples that are classi�ed as positive while

the actual sample is positive.

ˆ TN (True Negative) is the number of samples that are classi�ed as negative

while the actual sample is negative.

ˆ FP (False Positive) is the number of samples that are classi�ed as positive while

the actual sample is negative.

ˆ FN (False Negative) is the number of samples that are classi�ed as negative

while the actual sample is positive.

In the case of imbalanced data, accuracy can be highly a�ected by the dominant

class [94]. In this situation, Geometric Mean (GM), is used instead of accuracy to

measure the performance of the classi�er. The geometric mean is the average of a set
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of parameters calculated by the product of their values instead of their summation.

In general, it will be equal to the nth root product of n values. For two groups with

a dominant group, GM considers the performance of both major and minor groups;

thus, it won't over�t or under�t the imbalance classes [94]. GM can be calculated

using Equation(4.8).

GM =

r
TP

TP + FN
:

TN
TN + FP

(4.8)

As the state of occupancy in the room is not balanced, with 23% occupied and 77%

unoccupied, to avoid showing false high performance for the classi�ers by just labeling

the test data as unoccupied, GM is used in this study to compare the performance of

di�erent classi�ers. MATLAB Classi�cation Learner Toolbox was used to train and

test all four algorithms.

Data collected from March 4th to April 3rd, 2022, were used to train the models.

Five features including room temperature, relative humidity, CO2 concentration, day

of the week, and state of occupancy were recorded from the sensors every minute for

31 days. In total 44640 sample data were collected during this period. 70% of the

data were randomly selected to train and validate the model and the rest of the data

was used to test the models. In addition, �ve-fold cross-validation was implemented

for training and validation of the model to avoid any over�tting. In this method, one
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fold is selected and removed from training set, the rest of the folds are used to train

the model, and then the removed fold is used to validate the results [90]. A sign of

over�tting in a model is that the algorithm performs well on the training set, but

when fed with new data (test set) its performance drops signi�cantly [95]. Figure 4.6

compares the training and test performance for four models used in this study. The

similar GM for training and test set shows the �ve-fold cross-validation is e�ective

for avoiding over�tting in all four algorithms.

Figure 4.6: Geometric Mean from training set and test set for four algorithms

To �nd the true state of occupancy in the room, one of the Monnit motion sen-

sors was installed in the room and data collected by this sensor were cross-checked

by the log sheets �lled in by the occupants. The confusion matrix for all four al-
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gorithms while using four features including room temperature, relative humidity,

CO2 concentration, and day of the week for predicting the occupancy can be seen in

Figure 4.7. The confusion matrix summarizes the class prediction as a matrix and

presents how many correct and incorrect predictions are made by the model [96].

For each confusion matrix, classes 1 and 0 represent occupied and unoccupied states

respectively. In these confusion matrices, the occupied prediction while the room was

actually occupied shows the "True Positive", and the occupied prediction while the

room was unoccupied represents the "False Positive". On the other side, states that

predicted unoccupied when the room was unoccupied show the "True Negative" and

�nally, any predictions as unoccupied while the room was occupied form the "False

Negative". These values can be used to calculate the GM for each classi�er based on

Equation (4.8). The comparison between the GMs of four classi�ers is presented in

Figure 4.6.

Both GM and confusion matrix show that the KNN model provides the best per-

formance by predicting the occupancy with a geometric mean of 92% and after that

ANN, DT, and SVM models predicted the state of occupancy by GM equal to 84%,

80%, and 78% respectively. Another parameter that can be considered to compare

the performance of classi�ers and the possibility of their real-time application is the

training time. This metric is presented in Table 4.2. Although DT and KNN can train
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Figure 4.7: Confusion matrices for occupancy detection test using di�erent ML algo-
rithms with four predictor features (i.e., Temperature, CO2 concentration, RH, and
Day of the week).

the model in less than a minute, considering using common 10-minute time intervals

in building control systems makes SVM and ANN feasible algorithms for real-time

application as well.

Table 4.2: Training time for four classi�ers.

Classi�er
Training time

(second)

KNN 3.5

SVM 72.7

DT 1.98

ANN 126.17
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If all four features are used for the occupancy prediction, all algorithms provide

high-quality occupancy data which can be used by the building control system to op-

timize energy consumption. As CO2 exists in human exhalation, it is a good indicator

of human presence in an area in a residential building, but unfortunately, CO2 sensors

are expensive (i.e. Monnit Wireless Carbon Dioxide (CO2) Sensor costs$396 [97])

and may not be available in every residential building. To investigate the possibility

of using the most available data in residential buildings such as room temperature and

relative humidity, all the algorithms were trained and tested using all features except

CO2 concentration. Figure 4.8 depicts the performance of di�erent algorithms while

removing CO2 concentration data. Despite the decrease in the accuracy of the models

after removing CO2 as one of the features, the KNN method can predict the state of

occupancy in the room with acceptable accuracy by having the room temperature,

relative humidity, and day of the week with GM equal to 81%.

These results show although using CO2 sensor where it is possible can increase the

accuracy of the occupancy prediction, the ML models can still predict the occupancy

status with reasonable accuracy with having basic environmental data such as tem-

perature and relative humidity along with other available data such as day of the

week.

Another parameter that is important in occupancy prediction is the number of
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Figure 4.8: Geometric Mean, while CO2 concentration has been removed from pre-
dictor features.

samples that are required for an accurate occupancy prediction. A model can be

trained by the data collected from the sensors for one day or one week or one month.

Thus, the e�ect of the amount of required data on the accuracy of the model needs

to be investigated. To this end, all four models are trained with di�erent amounts of

training data that vary from one day of collected sensor data to 30 days of collected

sensor data by incremental change of one day. The GMs for all the models are

presented in Figure 4.9. As can be seen, while the sensor data is less than four days,

the GMs increase sharply by using more data for training the model; however, this

improvement slows down as more data were added for training the models. For all the

models adding more than 10 days of sensor data won't improve the performance of the
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model signi�cantly and in some cases (e.g. DT) may even reduce the performance.

Figure 4.9: E�ect of training data size on the performance of the KNN, ANN, DT,
and SVM models to predict the room occupancy status.

Another parameter that can a�ect the performance of the classi�ers is the gap

between the date that data were collected to train the model and the date that

occupancy needs to be predicted. To study the e�ect of having a gag between the

data used for training the model and the data used for making the prediction, the

KNN, ANN, SVM, and DT models were used to predict the state of occupancy for four

di�erent weeks (The design parameters and the di�erence between these algorithms

are described in Section 4.1). Only two days of data from April 3rd to April 4th were

used to train the models. The models' performance is presented in Figure 4.10. As can

be seen in the �gure, the GM of a model that has been trained by the data obtained

a month ago drops dramatically. This can be explained as occupancy in residential
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buildings changes during the year. The outside activity during Spring and Summer

could be di�erent from activities during Fall and Winter, and these changes in the

occupant behavior should be captured by the models; otherwise, a model that has

been trained based on the data collected during Winter, cannot predict the occupancy

in Summer accurately.

Figure 4.10: The performance of models trained using data collected between March
3rd and April 4th for predicting occupancy for the seen data ranging from April 4th

to May 7th .

To make sure a model performs accurately during the year, the times that can

change the occupant behavior should be identi�ed and the model should be trained

again with the data collected close to those occasions. In addition, one needs to

include those identi�ers as input features in Figure 4.1 that was discussed previously.
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Chapter 5

Energy use optimization and
control strategies

In Chapter 4 di�erent machine learning algorithms were used to de�ne the state

of occupancy in the building via sensor fusion. In this chapter, the e�ect of using

occupancy information in control of the building's heating system for reducing energy

consumption in the building is discussed. To be able to apply the sensor fusion method

to capture occupancy information in every zone in the building many other sensors

needed to be added to the building. But, this could increase the cost signi�cantly. To

decrease the cost in this study and increase the accuracy of the occupancy information,

the occupancy information was collected using PIR sensors and log sheets �lled by

the occupants in the building.
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5.1 Energy consumption and occupants comfort
level

Based on the ASHRAE 55 [9], desired occupied space's temperature varies from 19.5

°C to 27 °C and can be di�erent from one person to another person. The ultimate

goal of a space heating control system is to minimize energy consumption while main-

taining occupants' comfort levels. To achieve this goal, programmable thermostats

and smart thermostats with WiFi connection have been introduced to the market

(e.g., see Ecobee smart thermostat premium, and Google Nest learning thermostat).

In some cases, these thermostats are also equipped with motion detection sensors to

observe the occupancy in the area they have been installed for (such as the NEST

thermostat E that is installed in the testbed). However, occupancy detection is lim-

ited to the area where the thermostats are installed and sometimes it can a�ect the

comfort level of the occupants in the other parts of the building (e.g., the heating

system could be turned o� as no occupancy is detected by the thermostat while the

occupants are in di�erent part of the building).

Despite an increase in using programmable thermostats for space heating appli-

cations in residential buildings that can reduce heating energy consumption, a large

portion of households still use manual thermostats or do not have any thermostats

(Figure 5.1). Furthermore, among all the households that use heating equipment,

73



with any type of thermostat, more than 43% of them choose a temperature and don't

change it most of the time (Figure 5.2).

Figure 5.1: The proportion of the households in the US that use a certain type of
thermostat for space heating [98].

In addition, 51% of Canadian households use forced air furnaces to warm up their

houses in 2021 [18], and in most cases, there is only one thermostat that controls

the heating system. The thermostat is normally installed in the entrance or living

room and the occupants turn the heating system on and o� by adjusting the desired

temperature in that area. While the temperature in the area the thermostat has been

installed could be within the comfort level of the occupants other parts of the house

can experience di�erent temperatures.
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