
Privacy-preserving Human

Behaviour Monitoring Through

Thermal Vision

Abdallah Fahmi Nemer Naser

Department of Computer Science

A thesis submitted in partial fulfilment of the requirements of

Nottingham Trent University for the degree of

Doctor of Philosophy

April 2022

mailto:abdallah.naser@ntu.ac.uk


This thesis is dedicated to those who have ground me to believe

education is the passport to the future, my parents. I hope my

success today gives you happiness after all the life hardships you

have endured for the sake of raising my five siblings and me.



Acknowledgements

”Whoever is not grateful to the people, he is not grateful to Allah”

-Prophet Muhammad (peace be upon him)

In the past couple of years, the research community has experienced

the most severe living anomalies caused by the consequences of

COVID-19 disease. From lockdown to virtual science

communication, I have been fortunate to have a leader who

significantly contributed to making my PhD research a success story.

I owe my utmost sincere gratitude to the father of my PhD journey,

Professor Ahmad Lotfi, for the continued supervision support,

motivational words, inspiring actions and sage advice he offered with

kindness during my PhD research. I believe the freedom of research

he encouraged has improved my independent research skills that

resulted in original contributions to knowledge.

I would also like to express my sincere gratitude to my external

supervisor, Dr Junpei Zhong, for his support. Despite the time zone

difference, he offered regular supervisory meetings, which was an

authentic space to think out loud. Thanks to Dr Jun He and Dr

Mufti Mahmud for providing constructive feedback during the

annual review progress meetings.

What I am today is because of my father and my mother. I cannot

express enough gratitude for what you sacrificed for me. My

appreciation also goes to my other family members who have stood

by me in difficult situations. To my uncle Mr Yousef Khanfar for his

support during the financial difficulties, I faced just before starting

my PhD.



I see the PhD degree as the capstone of a building. To achieve this

crowning, there must be excellent builders at different stages of work.

In this regard, I would like to thank all my teachers who taught me

at different stages of my life in Palestine, Cyprus and the United

Kingdom. Specifically, I want to express my sincere gratitude to Dr

Sanaul Hoque, Dr Chee Siang Ang, Professor Farzin Deravi, and Dr

Meryem Erbiklek for their motivation to pursue my PhD studies. Your

confidence that I would be an excellent researcher was always in mind.

I want to thank all my friends and former colleagues who have kept

in touch with me and made me not feel isolated. I would also like

to appreciate my colleagues in the Computational Intelligence and

Applications Research Group for the time we have shared in the past

years. A special thanks to my good friend and neighbour, Dr Hamida

Aljaridi, for sharing her PhD experience with me and her successful

trials of cooking Palestinian dishes.

Last but not least, I have been fortunate to be awarded academic

scholarships for all my higher education degrees. In particular, I am

grateful to Nottingham Trent University for funding my PhD study

through a fully-funded scholarship scheme. Without this scholarship,

I would not be able to achieve this milestone in my academic life.

Abdallah Naser

April 2022



Abstract

Despite the abundance of human-centred research to support

domestic human behaviour monitoring in various vital applications,

there are still notable limitations to deploying such systems on a

broader scale. The main challenge is the trade-off between privacy,

performance, and cost of assistive technologies to support older

adults to live independently in their own homes. For example, the

traditional vision-based sensing approach provides excellent

performance while violating human privacy in domestic

environments. In contrast, the ambient sensing approach, e.g.,

employing Passive Infra-Red (PIR) sensors, maintains human

privacy but suffers significant performance hindrances in realistic

scenarios such as multi-occupancy environments.

This research proposes to utilise the Thermal Sensor Array (TSA)

to adjust the trade-off between privacy and performance in domestic

environment applications. The rationale behind proposing this sensor

for human behaviour monitoring applications is its claimed advantages

to perform well while maintaining human privacy, low-cost, and non-

contact capabilities. Nevertheless, there has not been sufficient related

work to empirically validate the hypothesis of using this low-resolution

imager in domestic monitoring. Furthermore, most published works

that use the TSA have not yet reached the deployment stage due

to the TSA sensing constraints. In particular, TSA is sensitive to

environmental thermal noise, and its Field of View (FoV) is not wide

enough to cover a large inspection area. Intelligent algorithms should

be employed in order to avoid these limitations.

The focus of this thesis is to investigate the human physiological and

behavioural thermal patterns for privacy-preserving human



behaviour monitoring to support the independent living of older

adults in a multi-occupancy environment by using TSA. This will be

achieved through signal processing and machine learning techniques.

To achieve this aim, the research methodology is drawn into two

main directions. First, human physiological processing of the human

thermal signal. Second, human behavioural processing of the human

motion signal. This drawn methodology resulted in four main novel

contributions.

The first novel contribution of this research is to propose an

adaptive segmentation of the human physiological presence and

count the number of people from different sensor placements, indoor

environments, and human-to-sensor distance. The second

contribution is to extract localisation knowledge of the human

physiological appearance in terms of human-to-sensor distance and

human-to-human distance. Extracting human localisation knowledge

is also applicable in other applications such as caregivers and care

time monitoring. The third contribution is to fuse multiple TSAs to

cover a wide inspection area, e.g., private or care homes. Hence,

objects that appear in the low-resolution thermal images acquired

from TSA have low intra-class variations and high inter-class

similarities, making the identification of the overlapping regions

through matching a comparable template image in multiple images

very difficult. This research proposes a motion-based approach to

fuse multiple TSAs and learn the domestic environment layout with

a privacy improvement of utilising TSA in potential monitoring

applications running in the cloud. Inspired by the results from this

stage of the research, the fourth contribution of the research

presented in this thesis is a human-in-the-loop fall detection

approach in the Activities of Daily Living (ADLs) that reduces the

false-positive alerts while keeping the false-negative fall predictions

as low as possible. The novel solutions and the results presented in

this thesis demonstrate a significant contribution toward enabling

privacy-preserving human behaviour monitoring.
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Chapter 1

Introduction

There has been an increase in the ageing population over recent years. According

to the World Health Organisation (WHO), the older adult community aged 60+

years is expected to grow from 12% of the total population in 2015 to 22% in 2050

worldwide [1]. As a consequence, long-term care expenditures for older adults

will increase. Moreover, the acceptability of care homes among older adults is

low [2], and they often prefer to stay in their own homes. Therefore, there is

a necessity to enhance the autonomy of older adults by �nding new alternative

human behaviour monitoring solutions that provide them with independent living

in their own homes.

The sensor technologies which could be used to acquire information related

to human behaviour in a domestic home environment can be classi�ed into three

main categories:

a) Wearable-based sensors usually require the users to wear or carry a device

perpetually. This is inconvenient for older adults and could be even more

challenging for older adults su�ering from Dementia or other cognitive

impairments, as there is a high probability of forgetting to carry these

devices [3].

b) Ambient sensing devices such as Passive Infra-Red (PIR) sensors are

installed in a home environment. Such devices preserve privacy but do not

generally perform well in multi-occupancy home scenarios [4]. Other

privacy-preserving device-free sensing methods, including Wireless Fidelity

1



1. Introduction

(WiFi), Radar, and Radio Frequency Identi�cation (RFID), su�er from

notable limitations in domestic human monitoring applications such as

vulnerability to environmental interference [5, 6].

c) Vision-based sensing, for example, cameras perform very well in real-world

scenarios, although it violates users' privacy, clearly in domestic

environments, e.g., homes, care homes etc.

Conversely, a deployable domestic human behaviour monitoring solution to

meet the urgency of economic and societal requirements of older adults should be

accepted by the older adults themselves as well as the care service providers. That

is, human-centred systems for domestic monitoring should meet the following

stakeholders' acceptability factors:

- Impacts, the proposed system should contain applicable solutions that have

real economic and/or social impacts,

- Privacy-preservation, the system should maintain the privacy of its users,

- Reliability, the system should be reliable to perform its tasks in realistic

domestic environments that may contain more than one occupant,

- Convenience, the system should operate autonomously without interfering

with normal human activities at reasonable installation cost,

- Accountability, systems should be accountable to the users.

This research thesis undertakes these acceptability factors through utilising

a privacy-preserving, non-contact, low-cost, high-performance, and

low-resolution thermal imager, referred to as Thermal Sensor Array (TSA), for

domestic human behaviour monitoring. Further, this research contributes to

solving major limitations of TSA to operate in a di�erent multi-occupancy

environment with a multi-sensor signal processing approach. Important derived

decisions from the proposed approach, such as abnormal behaviour alerts, are

accountable to the human user by proposing a novel human-in-the-loop

approach to signi�cantly reduce false-positive alerts while keeping the

false-negative fall predictions low.
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Figure 1.1: Schematic representation of the main functional phases design
proposed for domestic human behaviour monitoring.

The rest of this chapter is structured as follows: an overview of this research

is demonstrated in Section 1.1 followed by the research aim and objectives in

Section 1.2. Section 1.3 introduces the major contribution of the thesis. Finally,

the remaining thesis chapters are outlined in Section 1.4.

1.1 Overview of The Research

The prime motivation of this research is to enable human behaviour monitoring

in applicable real-life scenarios. It is neither deployable nor impactful to propose

a human monitoring system on the assumption that humans live in a single

inhabitant environment. In fact, residential homes are occupied by an average

of 3:14 people per household [7]. Nevertheless, some older adults may live alone,

but they could still have visitors or care assistants visiting their homes at certain

times. This causes the system to fail to operate or erroneously send abnormal

alerts to the information support once more than one person has occupied the

environment. On the other hand, abnormal human behaviours are unpredictable

and may even be more challenging to collect actual abnormal behaviour data in

a controlled lab environment. Therefore, it is essential to address a valid issue

concerning the users' accountability to the system's decision in human behaviour

monitoring applications.
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This research methodology is drawn into two parts. The �rst part supports

the monitoring of human behaviour through the analysis of human physiological

thermal signals. The second part analyses human behaviours by processing

human thermal motion signals. In total, four sequential functional phases have

been proposed towards enabling potential human behaviour monitoring that

applies to real-world scenarios. Figure 1.1 illustrates the proposed research

design to enable an impactful human-centred monitoring approach. The design

phases are de�ned as follows:

- Adaptive TSA placement for human segmentation and occupancy

estimation: placing TSA in di�erent locations and new domestic

environments can pose a signi�cant challenge due to the change in the

human shape presence from di�erent sensor placements and environment

ambient temperature. In this thesis, a novel framework based on a deep

convolutional encoder-decoder network is proposed to address this

challenge in real-life deployment. The framework presents a semantic

segmentation to segment the human presence and counts the number of

people from di�erent sensor locations, domestic environments, and

human-to-sensor distance.

- Human localisation and physiological knowledge extraction: this thesis

presents discrete and continuous distance estimators to extract human

localisation knowledge based on their physiological presence in the TSA's

Field of View (FoV) in terms of human-to-sensor distance and

human-to-human distance. Also, it proposes a real-time distance-based

�eld of view classi�cation through a novel image-based feature.

- TSA fusion: a motion-based approach is proposed to fuse multiple TSAs

and learn the domestic environment layout to enable further human

behaviour monitoring applications to operate in di�erent environment

layouts. Besides, a privacy-improvement in utilising these TSAs in a

centralised care service system is proposed.

- Human-in-the-loop fall detection: building on the previous steps, a novel

human-in-the-loop fall detection approach in the Activities of Daily Living
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(ADLs) is developed in this phase.

1.2 Research Aim and Objectives

The aim of this research is to enable TSA sensors to perform privacy-preserving

human behaviour monitoring to support the independent living of older adults

in a domestic multi-occupancy environment. This involves the combination of

two concepts, human thermal physiological learning and human thermal motion

learning to be used to overcome limitations of the utilised sensing technology,

extract human-related localisation knowledge, detect abnormal behaviours and

�nally give people the autonomy of action through intelligence knowledge

derived by computational intelligence techniques. To achieve the project aim,

the following research objectives have been identi�ed:

1. Investigate existing sensing technologies for domestic human behaviour

monitoring and propose a suitable sensor to be utilised in the system's

acquisition stage.

2. Calibrate between di�erent thermal imagers to infer the opportunities and

limitations of TSA in human-centred applications.

3. Propose a technique for human segmentation from di�erent sensor

placements and domestic environments.

4. Investigate how to identify the multi-occupancy environment and determine

the number of people in an environment that could potentially contain an

animal pet.

5. Explore human distance estimation techniques to localise multiple human

subjects in the environment.

6. Propose a multi-TSA fusion approach to enable human behaviour

monitoring to operate in large and di�erent domestic environment layouts.

7. Investigate the capability of TSA to detect abnormal behaviours in ADLs

and propose a human-in-the-loop approach to boost the system reliability

and accountability.
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1.3 Original Contributions

The major contributions of this thesis are summarised as follows:

- The utilisation of the TSA for human behaviour monitoring to adjust the

trade-o� between privacy, performance, and cost. This is achieved at the

sensor level of the widely proposed human-centred applications in a

domestic environment.

- An empirical calibration between low- and high-resolution thermal

imagers with privacy assessment of low-resolution TSA sensors to observe

the opportunities, limitations, and future trends of using TSA in human

monitoring applications.

- A novel use of a deep encoder-decoder convolutional neural network to

segment the human presence from a low-resolution TSA's output. The

proposed human segmentation approach has the capability to segment the

human presence from a distance of up to 9 meters.

- A robust and adaptive occupancy estimation framework, able to estimate

the occupancy from di�erent sensor placements, human-to-sensor distance,

human-to-human distance, and in an unseen noisy domestic environment.

Also, an investigation of the TSA operating distance for human presence

acquisition has been conducted.

- A novel real-time feature to classify the sensor's Field of View (FoV) into

distance-based regions.

- A novel continuous distance estimation approach to estimate the distance

between the sensor placement and the human location using Arti�cial

Neural Network (ANN) and a discrete distance estimation approach to

predict human distance in a step of 0:5m.

- A new human-to-human distance estimation is proposed. This is referred to

as physical distance estimation. Besides, A transfer application to predict

human height using the proposed continuous distance estimator has been

developed.
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- A novel approach to fusing multiple TSAs to cover a wide inspection area

to enable further TSA-based human behaviour monitoring applications to

run in a multi-sensor processing approach.

- A novel approach to identify overlapping regions between two or more

low-resolution TSAs. The proposed approach is adaptive to work in

di�erent domestic layouts and sensor placements through proposing an

environmental layout learner.

- An improvement for the TSA privacy feature in human behaviour

monitoring applications to avoid the human image being reconstructed by

a third party during data transmission and storage in the cloud.

- An exploration of the e�ciency of optical 
ow features in ADL recognition

and abnormal human behaviour detection using TSA. Besides,

comprehensive experiments are conducted to validate the use of optical


ow features with Long short-term memory (LSTM) and Bidirectional

long-short term memory (Bi-LSTM) in the prediction stage.

- A new accountable human-in-the-loop fall detection approach is proposed.

It maintains a high-performance fall detection and reduces human fall false-

positive alerts reported to potential central information support by enabling

a human-interaction interface.

The outlined contributions of the thesis are addressed in di�erent chapters of this

thesis. A summary of these chapters is presented in the following section.

1.4 Thesis Outline

This thesis consists of nine chapters. The organisation of the thesis structure is

further illustrated in Figure 1.2. The contents of this thesis are summarised as

follows:

Chapter 2: Literature Review - This chapter provides an overview of previous

work in the �eld of human behaviour monitoring and its crucial aspects.
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Figure 1.2: Thesis structure indicating the organisation of the chapters and their
respective dependencies.

Chapter 3: Human Behaviour Monitoring: Architecture and Methodology -

The proposed monitoring scheme architecture, the utilised sensing technology,

and the data collection scenarios are provided in this chapter.

Chapter 4: An Empirical Calibration with Privacy Assessment of Low- and

High-resolution Thermal Imaging - This chapter presents the calibration of

various thermal imaging resolutions in order to provide a better understanding

of the opportunities, limitations, and future trends of using TSA in

human-centred applications. Precisely, this chapter provides fundamental

empirical-driven knowledge to Chapters 5, 6, 7, and 8.

Chapter 5: Adaptive Sensor Placement for Human Segmentation and

Occupancy Estimation - This chapter presents a framework to enable TSA to

semantic segment the human presence from di�erent TSA placements and

determine the number of human subjects appearing in TSA's output

accordingly.

8



1. Introduction

Chapter 6: Human Localisation and Physiological Knowledge Extraction -

This chapter introduces a novel localisation technique to extract physiological

knowledge of human presence in the TSA's FoV. Precisely, to estimate

human-to-sensor and human-to-human distances using a single TSA without

relying on a second reference sensor.

Chapter 7: Thermal Motion Signal Processing for Sensor Fusion - This chapter

presents a novel approach based on the apparent motion pattern of moving

objects to fuse multiple TSAs and learn the domestic environment layout to

enable further human behaviour applications to run in a multi-sensor processing

approach. Besides, a privacy improvement of TSA output prior to integrating

them in a central information support platform is introduced in this chapter.

Chapter 8: Human-in-the-Loop Anomaly Detection in Activities of Daily

Living - This chapter proposes a novel human-in-the-loop fall detection

approach in ADLs. The motivation for enabling a human interactive model, fall

detection con�rmation, is to in
uence resource e�ciency by reducing

false-positive alerts while keeping the false-negative fall predictions low.

Chapter 9: Conclusion and Future Work - This chapter presents the conclusions

arising from the thesis and suggests directions for future work on monitoring

human behaviour using TSA sensors.
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Chapter 2

Literature Review

2.1 Introduction

As research into applications of human-centred monitoring has been an attractive

and fruitful area of research, this has resulted in many published research works

in recent years. The number of research work published in the �eld of occupancy

monitoring has increased dramatically from less than 20 publications per year

between 1981 and 2003 to more than 250 in 2021 [8]. This rapid growth indicates

an increased demand for monitoring applications of human behaviour in domestic

environments to meet socio-economic needs. In particular, to reduce the cost of

long-term care for older adults and support their independent living [4, 9, 10, 11].

Therefore, it is essential to review the state-of-the-art that supports domestic

human behaviour monitoring to justify the intent of this thesis research work.

This chapter provides a comprehensive review of the previous work by critically

analysing their proposed sensing technologies and data-driven methodologies.

The remainder of this chapter is organised as follows: Section 2.2 gives an

overview of the utilised sensing technologies in human monitoring applications.

To give a general understanding of data-driven methodologies to signal process

the output of the sensors, Section 2.3 provides background on widely used learning

and prediction models. In Section 2.4, human-centred applications related to the

concept of this thesis have been critically analysed to conclude the research gaps

in Section 2.5.
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2.2 Sensing Technologies

Due to the rapid growth in the number of sensing technologies that have

emerged in the context of monitoring human behaviour in domestic

environments, this thesis categorises the used sensors in monitoring human

behaviour into three di�erent categories (ambient, vision, and wearable). Figure

2.1 visualises the sensor categories and their most prominent sensors. A

summary of sensor categories is provided below.

2.2.1 Ambient Sensors

Ambient sensors are an example of a non-contact sensing approach that does

not require the users to carry or wear any speci�c device. PIR sensors are one of

the most widely used ambient sensors in domestic human monitoring. The

working principle of the PIR sensor is based on using a pair of pyroelectric

sensors to detect the heat energy in the ambient environment. The two

pyroelectric sensors sit beside each other, and the change in the signal

di�erential between them indicates a warm object motion. Thus, the output of

PIR sensors is a digital (binary) signal that implies either a trigger of a new

movement or not. The new movement term implies that PIR sensors cannot

detect stationary subjects as they do not have motion. This leads to the failure

of PIR sensors in human-centred applications that could have humans with

inactive states, for example, sleep or rest. Nevertheless, PIR sensors has been

proposed for various applications including ADLs recognition [4, 12], user

localisation [13, 14], gait velocities analysis [15, 16], sleeping and night activities

monitoring [17, 18]. Besides, PIR sensors are typically integrated with other

sensors to detect the presence of human subjects, such as pressure sensor that is

attached to beds or chairs, door sensor, and 
oor sensors [4].

Acoustic sensors are also employed in Ambient Intelligence (AmI) towards

human detection and human-related action recognition through acoustic signal

processing [19, 20, 21, 22]. The rationale behind utilising such sensors in human-

centred applications is that human action usually generates a sound interaction

that represents the performed human action, such as the sound produced while

handling dishes or during a person's fall. However, there are serious privacy
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Figure 2.1: The categories of sensing technologies with examples of the most
prominent used sensors in domestic human behaviour monitoring applications.

concerns regarding the installation of acoustic sensors in domestic environments,

e.g., older adults' homes.

Most Radio Frequency (RF) sensors fall into the ambient sensing approach

category and are getting popular due to their contact-less nature and

privacy-preserving features. Some of the most commonly used RF technologies

are Wireless Fidelity (WiFi), Radar, and Radio Frequency Identi�cation

(RFID). WiFi technology has emerged in the shift of human behaviour

monitoring research from a device-bound approach to a device-free approach

through exploring the properties of wireless networks, e.g., Channel State
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Information (CSI) [23, 24, 25]. Furthermore, the radar is also an RF-based

technology that monitors contact-less human behaviour by employing a signal

re
ection approach. Technically, it transmits a radio signal, which is re
ected

by the objects in the path before receiving it again from the radar to form an

image of the path objects using the di�erences between the transmitted and

re
ected signals [26, 27, 28]. Cross and environmental interference are likely to

occur between RFID systems and WiFi or personal area networks such as

Bluetooth when they share common frequency bands.Table 2.1 summarises the

advantages and disadvantages of RF technologies in domestic human behaviour

monitoring applications.

2.2.2 Wearable Sensors

Wearable sensors can measure motion-related activities such as gait, ADL

activity, and human fall. Nonetheless, the success in wearable sensors has been

a mix of setbacks and progress [29]. One of the technical barriers when utilising

wearable sensors in human behaviour monitoring is the obstruction of feature

extraction from the signal due to artefacts, body movement or respiration that

need to be resolved to obtain high-quality signals [30]. On the other hand,

wearable-based biosensors rely on speci�c body postures or on-body placement

to provide reliable measurements [31]. Some of the widely used sensors in

wearable devices and smartphones are the Accelerometer and Gyroscopes

sensors. These sensors, with other wearable sensors, have been widely used in

various human behaviour monitoring for healthcare purposes [32, 33, 34]. Table

2.2 provides the requirements for monitoring wearable healthcare devices versus

Table 2.1: A summary of the advantages and disadvantages of RF sensing
technologies.

Sensor Advantages Disadvantages
RFID Passive, pervasive, low-cost Environmental interference

WiFi Low-cost, pervasive
Environmental interference,

performance limitations

Radar pervasive
Environmental interference,

performance limitations
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Table 2.2: Wearable health monitoring device requirements vs healthcare type.

Healthcare Type
Care

Environment

Required
Performance in
Healthcare Use

Required
Performance in
Self-Monitoring

Requirements

Domiciliary care Patient's home High Medium
Portable,
robust,

ease of use

Hospital care Hospital High Medium
Portable within

a hospital setting
high accuracy

Wearable health
monitoring

Anywhere,
any time

Medium Medium
Small and light,
Highly portable
and unobtrusive

health care type [35].

Although RFID technology uses RF technology, it is classi�ed in this review as

a wearable sensing approach because it requires tagging or carrying an electronic

chip. RFID has been initially developed for military purposes to di�erentiate

between friendly and hostile aircraft [36]. Since then, RFID has had momentous

advancement in various human behaviour monitoring applications [37, 38, 39, 40].

The RFID sensing technology includes two main parts. The �rst part is the

reader, an antenna-based device that emits radio waves to collect the information

from the tags. These emitted radio waves are received and modulated by RFID

tags before the reader captures them again through its antenna. The second part

of RFID technology is the small electronic chips, which can be easily attached

to any object, referred to as tags. These tags also have a chip and an antenna.

The tag's antenna acquires the reader antenna's signal, passes it to the chip to

introduce changes, and �nally sends it back to the reader by the tag's antenna.

2.2.3 Vision Sensors

Vision-based human behaviour monitoring has been the basis for many

applications, including healthcare, Human-Computer Interaction (HCI), and

video surveillance [41]. However, conventional vision sensing technologies, such

as cameras, have serious privacy concerns in domestic environments, which

makes this sensing approach unacceptable for many people, including older

adults.
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Digital camera output images are in a 2D grid of pixels. The pixel is the

smallest addressable element in an image with a variable intensity value.

Typically, each pixel of the colour image has Red, Green, and Blue (RGB)

values to form a colour image. The pixel value ranges from 0 to 255, which

means the black image has RGB pixels of (0; 0; 0), while the pure blue image

would be (0; 0; 255). On the other hand, the depth camera has pixels with a

di�erent value scale. That value is the camera to the acquired object distance,

referred to as depth. The detection of the depth is typically computed using the

Time of Flight (ToF) sensor, which 
oods the entire scene with light and

calculates depth using the time it takes each photon to return to the sensor.

Some depth cameras have both RGB and depth systems, which can output

pixels with the RGB and depth values, or RGBD. Finally, an infrared camera

(also known as a thermal imager) measures the infrared energy emitted by

FoV's objects to form an electronic image showing the acquired objects'

apparent surface temperature.

Several studies have been reported for human-centred applications using

vision-based sensors [42, 43, 44, 45]. However, the privacy concerns of

vision-based sensors in domestic environments are not the only hindrances of

this approach. For example, traditional cameras are sensitive to light and

cannot operate in a dark environment. In contrast, thermal cameras are

light-independent but are a very costly approach. Similarly, the depth camera is

robust to light variation, but it is hard to extract the image features. Also, the

acquired objects' edges are very noisy.

2.3 Data-Driven Methods

The increase of sensing technologies means more signals are collected with

heterogeneous statistical properties. Data-driven approaches are utilised for

dealing with the randomness and complexity of human behaviour signals in

intelligent domestic environments. To give a better understanding of the

data-driven approaches discussed in this thesis, this section provides a critical

and background review of some important data-driven methods used in the area

of domestic human monitoring. This review grouped the data-driven methods
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Table 2.3: A summative review of data-driven methods for domestic human
monitoring applications.

Model Type Algorithm Advantage Weakness

Deterministic

Model

Poisson distribution

simple model construction

Hindrances in dealing with
human behavioural signals

The prediction
accuracy is low

Ordinal Logistic
Time series

Logistic regression
Bayesian probability

Support Vector
Regression (SVR)

Stochastic
Model

Hidden Markov
Model (HMM)

It can handle a degree of
the randomness

of human behaviour

High prediction accuracy

The models' setting
is complicated and

therefore the applicability
of the model to real-world

problems is low.

Autoregressive
HMM (ARHMM)

Layered HMM
(LHMM)

Dynamic Markov
time-window

inference
Markov Model

Machine
Learning

Adaptive Neuro-Fuzzy
Inference

System (ANFIS)

High prediction accuracy,
applicable in real-time

systems

Data should be of high
quality and quantity

Long training time

Genitic Programming (GP)
Presence Sense (PS)

Decision tree
K-means

Adaptive Boosting
RNN
SVM
ANN

into three main groups: Deterministic Methods, Stochastic Methods, and

Machine Learning (ML) methods. A summary of the critical review on these

three groups is provided in Table 2.3 and discussed below.

2.3.1 Deterministic Methods

The deterministic method is a �xed model that represents a low-complexity

working principle. The requirement of this method's category is based on

long-term human observation. Therefore, data collection should represent all

probability distributions of particular human behaviours frequency. Precisely,

the occupant behaviours can be modelled based on the human behaviours
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probability distribution by �nding a probabilistic model for a speci�c human

subject. Several techniques can be used to �nd a probabilistic model for human

behaviours, including Bayesian estimation [46], time series models [47] and

Poisson distribution [48].

Several studies rely on the use of deterministic methods to monitor human

behaviours in domestic environments, e.g. o�ce and home environments.

However, this method has many limitations when it comes to describing human

behaviours. [49]. This is because human behaviours have a high degree of

randomness during abnormal situations [50], and therefore, their behaviours can

not be modelled on the basis of constant parameters, e.g., daytime.

2.3.2 Stochastic Methods

Due to the uncertainty of human behaviours, the deterministic methods would

generally fail to accurately describe stochastic human behaviours. Therefore,

previous work has explored the correlation between human behaviours and their

speci�c events in certain environments [8]. This has been achieved by considering

human behaviour as a random variable, and the probability of their behaviour

state at each time point is determined based on the previous state. Several

techniques have been proposed on this concept, including Markov Chain Model

[51], Hidden Markov Model (HMM) [52], and entropy measures [12].

In the context of human behaviour monitoring, the Markov chain is based

on describing a sequence of possible human behaviour events in which the

probability of each event depends only on the previously attained event [53].

This method assumes that an active human among di�erent environmental

zones creates a human pro�le and random mobility between other behavioural

states. Therefore, the following behaviour state of the human only depends on

their present state with some rules about the behaviour states. Building on top

of this, the transition of human behaviour state should be de�ned in Markov

metrics. Although this method has been one of the most frequently used

occupancy models in recent years, it is strongly dependent on the time of

human movements and their presence in the environment, which hinders the

prediction of human activity from one area to another. On the other hand, the
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HMM assumes the states of the human behaviours are connected in a Markov

chain, but the state of each behaviour is not directly observed. Instead, each

human activity state is associated with observable parameters through a

probability distribution.

Continually, entropy is a randomness measure that has also been explored in

monitoring human behaviour [12, 54] through the use of the randomness

variance of single human activity at particular times. This stochastic method is

a promising approach in human-centred applications due to its computational

and time e�ciency. However, the randomness measure of human behaviour can

be analogous to di�erent activities of the same person or a result of a

multi-occupancy environment in the context of home monitoring.

2.3.3 Machine Learning Methods

Machine Learning (ML) is a data analysis method that automates analytical

model building. ML is a branch of Arti�cial Intelligence (AI) established on the

concept that systems can learn from data, identify patterns and make decisions

with minimal human intervention. There are three subcategories of ML models.

Supervised ML models are trained with ground truth data sets (labelled data),

which allow the models to learn and grow more accurate over time. In contrast,

the ground truth data sets are not provided in the Unsupervised ML subcategory,

and the model is supposed to �nd patterns or trends by itself [55]. Finally,

the working principle of the third subcategory, Reinforcement ML, is based on

training the systems through trial and error to take the best action through

establishing a reward system [56]. This section provides a fundamental review of

essential machine learning techniques used in the following chapters of this thesis.

In particular, classi�cation and regression.

Classi�cation is the problem of identifying the classes or categories of a set

of observations. There are several classi�cation techniques to deal with the

problem of human behaviour recognition. Boosting algorithms are one of these

possible methods that seek to boost the accuracy of a given learning algorithm

by converting weak learners to strong learners [57]. In this context, a weak

learner is a classi�er that performs relatively poorly in classi�cation and is
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Figure 2.2: An illustration of adaptive boosting applied to a binary classi�cation
problem.

slightly better than a random guess. In contrast, a strong learner can label the

testing examples (observations) more accurate than weak classi�ers.

In Adaptive Boosting (AdaBoost) [58], the weak learners are decision trees

with a single split, referred to as the decision stump. The prediction model in

AdaBoost improved through training the weak learners sequentially. Each of

these weak learners aims to correct its predecessor. The weights of the

observations in the �rst decision stump are equal. In the next iteration, the

incorrect observations that were inaccurately classi�ed in the previous round

carry more weight than the true classi�ed observations to force the weak learner

to focus on the hard samples in the training set. Figure 2.2 shows an

illustration of a simple binary classi�cation problem using AdaBoost. The �rst
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decision stump (D1 and D2) separates stars from circles. In this separation,

there are two misclassi�ed stars. These incorrectly rated stars will carry more

weight than others to feed the second learner. Combining these two learners

leads to a strong �nal classi�er that correctly classi�es the objects.

Unlike the procedure of classi�cation predictive modelling to approximate a

mapping function from input variables to discrete output variables, the regression

approach is the process of approximating a mapping function from input variables

to a continuous output variable [59]. In other words, the regression output is a

real-value, e.g., an integer or 
oating-point value. These are often quantities,

such as human-to-sensor distance. One of the simple regression algorithms is

linear regression, which aims to �nd a linear relationship between the dependent

variable and one or more independent variables using a best-�t straight line [60].

Typically, the prediction of the linear model is simply computed by a weighted

sum of input features and a constant value called the bias term. However, in

many problems, the relationship between the input and output variables is not

formed in a linear relationship. Thus, there are other techniques to deal with

such problems, such as Arti�cial Neural Network (ANN), that can be used for

both regression and classi�cation [61].

Various types of ANN have been presented in the literature, including

Feedforward Neural Network [62]. This network is the purest form of ANN that

allows the data to travel in one direction. This type of ANN can have hidden

layers, and the data enters through input nodes and exits through output nodes.

The classifying activation function is also used in this type of ANN. However,

there is no backpropagation as it only supports front propagated waves.

Another important class of ANN is Convolutional Neural Network (CNN),

commonly used in image processing and computer vision applications to analyse

visual imagery [63]. This type of ANN is also known as a shift-invariant or

Space Invariant Arti�cial Neural Network (SIANN). CNN models cannot

e�ectively interpret temporal information. Thus, other types of ANN have been

proposed to process sequential data, e.g., Recurrent Neural Network (RNN),

that process sequence-based data [64]. Hence, CNN employ �lters with

convolutional layers to transform the data. In contrast, RNN models are

predictive and reuse activation functions from other data points in the sequence
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to generate the subsequent output in a series.

2.4 Domestic Human-centered Applications

The TSA sensors have recently become important through emerging them in

responses to the global COVID-19 pandemic, for example, TSA-based

occupancy estimation and temperature scanning systems [65, 66, 67, 68, 69].

Nevertheless, the usage of the TSA for human-centred applications is relatively

low [70] compared to other sensing methods. This section includes a

TSA-focused comprehensive critical review of related human-centred

applications to identify previous research work gaps.

2.4.1 Occupancy Estimation

Research has been conducted to investigate the methods for counting the number

of occupants, referred to as occupancy estimation, in domestic environments for

di�erent purposes using di�erent sensing approaches [71, 72]. The authors in [73]

have proposed a system for tracking the elderly using High-performance Wireless

Sensor Network Node (iMote2) sensor with an Enalab camera board in smart

homes. In their work, they were able to estimate the number of occupants by

calculating the peaks within the histograms. The proposed system is based on

PIR sensors to detect occupancy in some areas of the home. This makes their

system complicated, and privacy concerns are raised here due to the use of the

camera too. Other previous works have similar privacy concerns for using the

camera to count the people in domestic environments [74, 75].

Other solutions based on wearable sensors have also been suggested. But the

designs of wearable sensors are inconvenient to most users. For instance, [76]

integrated the PIR sensor with active RFID tags to estimate the occupancy. The

main limitation of this work is that users must carry these tags continuously.

The work reported in [12] utilised the PIR sensors to distinguish between

the single and multi-occupancy environment to determine the visit time of the

older adults in a single inhabitant environment by measuring the randomness of

the PIR-based binary data using di�erent entropy measures. Other previous
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works were also able to use PIR sensors to identify multi-occupancy domestic

environments [77, 78, 79, 80]. However, these works were only able to identify

whether more than one person occupies the environment without providing an

exact estimation of the number of people. Furthermore, their proposed

methodologies relied heavily on the sensor layout and the ground-truth

annotated sensor data.

Privacy-friendly sensing approaches reported in [81, 82, 83] have proposed

multi-modal systems for counting the number of people in the home

environment. They used multiple environmental sensors such as lighting,

temperature, movement,CO, CO2, and humidity. Although the multi-modal

approach increases these systems' performance, it raises serious questions about

their applicability in real-use case scenarios. This is because these works have

assumed that ventilation does not a�ect the performance of their proposed

systems. However, ventilation may alter the level of humidity, CO, and CO2 in

the home environment, resulting in a wrong estimate of the occupancy.

Recently, authors in [84] overcame the PIR sensor's deployability problem to

count the number of people in a home environment by introducing a new

algorithm, based on continually tracking each person's location in the home,

without requiring other additional information such as the ground-truth

annotated sensor data. However, it is unclear whether the algorithm will work

when two people simultaneously walk alongside each other, for example, the

caregiver who helps the older adult to walk. Other PIR-based sensing research

has been shown for human monitoring [85, 86, 87, 88, 89]. However, none of

these works has considered animal pets that may alter the output of any of

these monitoring systems.

Authors in [70] have used a 4� 16 thermal sensor array to estimate the

occupancy. They removed the background infrared using the per-pixel and

standard deviation values for a short occupancy period, and then the K*

algorithm [90] was applied to estimate the occupancy. They were able to

achieve 82:56% accuracy. It is reported that they could handle a prolonged

period of occupancy by using a complex scaling algorithm. However, using

per-pixel and standard deviation values to remove the background is not the

best solution, because when a newer object with a higher temperature than the
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human body enters the sensor environment, the system may view the human

body as radiation from the background, which results in an error in estimation.

Beltran et al. [91] suggested a multi-modal system consisting of a PIR sensor

and a TSA to estimate the occupancy. The purpose of using the PIR sensor was

to detect the empty occupancy environment and the TSA to count the number

of people in the environment. However, the proposed system may fail to estimate

the occupancy when a person has been inactive for a long time - for example,

sleeping as the probability of identifying human radiation as the background

temperature increases. Furthermore, the TSA is placed in a �xed location, which

results in the system not being worked at a di�erent sensor location. Other

works [70, 92, 93, 94, 95, 96, 97] that used the TSA to estimate the occupancy

also contain similar sensor location adaptation problems.

2.4.2 Human Distance Estimation

Measuring human-to-human distance, which refers to human physical distancing,

can be classi�ed into either passive or active approaches. The passive systems

usually rely on the use of vision sensors such as regular cameras or expensive high-

resolution thermal cameras [98, 99, 100, 101, 102]. One of the advantages of using

vision sensors is that users have no requirements to carry any particular device.

They still perform reliably in measuring human physical distancing, thanks to

the extensive research in computer vision. However, they raise concerns about

people's privacy in domestic settings such as nursing homes, hospitals, or even

smart homes to support independent living for older adults.

Recently, there has been a growing interest in active approaches due to their

deployability feature, e.g. contact tracing apps, which use Bluetooth proximity

sensors to track human's physical distancing. However, there exist problems in

performance and reliability [103, 104, 105]. This raises a growing interest in more

reliable proximity sensing solutions for sensitive environments [106].

Authors in [107] proposed an Ultra-sound based scanning approach to

measure the human physical distance. The reason behind the Ultra-sound

sensor is that it has higher accuracy than Bluetooth. However, it is prone to

multi-path propagation errors and poses robustness concerns in real-use case
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scenarios. Also, there exist other important viable methods, including cellular

and Global Positioning System (GPS) [108], capacity body sensing [109], and

magnetic �eld [110]. TSA sensors have been proposed for human positioning

applications in several reports [111, 112, 113, 114, 115, 116]. However, none of

the previously published works explicitly propose to measure the human

physical distance or human-to-sensor distance.

2.4.3 Fall Detection

Conventional wearable devices use an accelerometer's sensor to measure the

object acceleration [124, 125, 126]. The usage of wearable sensors for human fall

detection utilises the change in motion, location, and posture of the monitored

object. In general, wearable device approaches are cost-e�ective, easy to design,

and commission. On the other hand, these need to be worn by the user for

accurate results, and they could be inconvenient to use for many users[127]. In

addition, individuals are prone to forgetting to wear the device, or situations

such as the need to take a shower force users to take o� the devices, hence the

inability to detect falls accurately, leading to low performance.

In contrast to wearable devices, vision-based methods include the use of

ordinary cameras[128, 129, 130], which solves the �xed body device location in

the signal acquisition stage. The vision-based approach can be subdivided based

on operation, including change in shape, inactivity, head change analysis,

posture, and Spatio-temporal analysis [127]. For instance, in the inactivity

technique, the user's period of inactivity on the 
oor contributes to detecting a

Table 2.4: A comparison of TSA type, resolution, placement, and sensor
placement adaptability proposed for human fall detection systems.

Ref. TSA Type and Resolution TSA Placement Adaptive Placement
[117] Panasonic's Grid-EYE (8x8) Ceiling No
[118] Melixis (16x4) Wall No
[119] Panasonic's Grid-EYE (8x8) Mini-robot No
[120] Panasonic's Grid-EYE (8x8) Ceiling No
[121] Panasonic's Grid-EYE (8x8) Cellinig No
[122] Melixis (16x4) Ceiling, side by side No
[123] Melixis (16x4) Ceiling, side by side No
[121] Panasonic's Grid-EYE (8x8) Ceiling No
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Table 2.5: A comparison of the experimental setup, data-driven approach, and
TSA-based fall detection state-of-art performance results.

Ref.
Performed
Activities

Learning
Algorithm

Accuracy (%) Accountability

[117]
Standing
Sitting
Lying

CNN - Missing

[118]

Sitting
Bending

Squatting
Walking
Standing

k-NN 93% Missing

[119]
Standing
Sitting

Picking up
SVM 88,7% - 94,7% Missing

[120]
Sitting

Walking
k-NN 94.3% - 95.8% Missing

[121]

Walking
Jogging

Squatting
Lying down
Staying still

Random Forest - Missing

[122]

Sitting
Bending

Squatting
Walking
Standing

Voting classi�er 97.75% Missing

[123]
Standing
Sitting
Lying

Logistic regression 99.94% Missing

[121]

Staying seated
Staying up

walking
standing up

3D-ConvNet 97.22% Missing
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fall. However, the main drawbacks are light dependency and its violation of

people's privacy. Finally, ambient sensors have also been used to detect falls, for

example, pressure sensing [131], PIR sensors, and 
oor vibration [132]. Ambient

sensing ensures user privacy, a critical issue in vision-based approaches and is

more convenient than wearable-based approaches. However, its detection is

a�ected by all variables within the environment, resulting in low performance.

The use of TSA in fall detection has emerged in recent years to bridge the gap

between performance and user privacy concerns [120, 133, 134, 135]. A critical

comparison of TSA settings, data-driven methods, and performance of the

state-of-art TSA-based fall detection systems has been provided in Table 2.4,

and Table 2.5.

2.4.4 Sensor Fusion

Unlike PIR sensors, TSA sensors can detect motionless warm objects and

moving objects with the direction of their movements within their FoV through

employing conventional PIR motion detectors in what is called thermopile array

[136]. Therefore, TSA has also been proposed for several human-centred

applications [111, 112, 113, 114, 115, 116]. However, none of these works

discovers the scenarios of using multiple TSAs. This is a critical issue, for

example, in the occupancy estimation systems, which utilises TSA

[70, 91, 92, 95, 137, 138]. This is because humans located in the overlapping

FoV's of two or more sensors will be counted as two subjects in the prediction

stage, which leads to a wrong occupancy estimate.

Similarly, there have been recent works on using the TSA on human activity

recognition and abnormal behaviour detection [135, 139, 140, 141, 142]. The

approach followed to process the TSA output is similar to image-processing

approaches [143] while the analytical techniques on individual time intervals,

frames, were di�erent, for instance, Support Vector Machine (SVM) [119],

K-Nearest Neighbour (k-NN) [91, 144], decision trees [97, 116], and Kalman

�ltering [145, 146]. One of the notable technical challenges reported in most

human-based applications which use TSA is that external heat sources have a

major negative impact on the system performance. On the other hand, TSA's
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fusion has not yet been investigated in such applications. Considering falls as

abnormal human behaviour that could happen in an overlapped area between

two sensors (One sensor would not be su�cient to cover the entire environment,

e.g. older adult home). The proposed systems may trigger two separate fall

alerts incorrectly. Moreover, identifying overlapped regions between multiple

TSAs signi�cantly impacts other human monitoring applications, including

occupancy estimation. The impact of this can be clearly demonstrated in

situations where a person could be present in the overlapped region of two

sensors, and thus the system might consider them as two people in the

environment rather than one.

The fusion concepts have been applied in various applications [147],

including biometric authentication systems [148, 149, 150], air pollution

monitoring [151], COVID-19 non-remedial solutions [152], surveillance networks

[153], vehicle accident detection and classi�cation [154], and human emotion

monitoring [155].
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2.5 Discussion and Research Opportunity

The gaps identi�ed from current research, as discussed in the review, are

highlighted in this section. The fundamental research gap is with regards to the

trade-o� between the privacy, performance, and cost of the widely used sensors

for human behaviour monitoring that hinders the deployability of such systems

on a large scale. Although this research proposed to �ll this gap by utilising a

low-resolution TSA due to its low-cost and human privacy-preserving claims,

there has not been an independent empirical calibration of low-resolution TSA

and high-resolution imagers for human-centred applications. This means that

the privacy-preserving feature of TSA sensors has not been experimentally

validated to assess the potential for human identi�cation from the raw TSA

output. Besides, there has not been su�cient published research work on

TSA-based human behaviour monitoring compared to typical sensing-based

approaches.

In the context of data-driven methods, previous approaches to

human-centred applications using the TSA usually rely on the use of a �xed

sensor location to make the human-to-sensor distance and the human presence

shape �xed. However, placing this sensor in di�erent placements and new

indoor environments can pose signi�cant adaptability challenges. Such poor

adaptability raises signi�cant concerns about the deployability of TSA-based

applications. For illustration, placing the sensor on the ceiling of the room

reduces the sensor's FoV, which means that more sensors will be required to

cover a wider area. Furthermore, most of the previous research work on assisted

living to help older adults to live independently in their own homes assumed

they live in a single residential environment [156]. Therefore, it is essential to

add a new functional layer to distinguish between single and multi-occupancy

status in smart home solutions to make them applicable to real-life scenarios.

Extracting localisation knowledge of human subjects in the domestic

environment is vital to developing a robust human behaviour monitoring

system. Previous approaches to estimating the distance between a reference

sensing device and a human subject relied on ordinary or high-resolution

thermal cameras. Also, an adaptive approach to human distance estimation

28



2. Literature Review

using the TSA has not been explored. Furthermore, the main limitation of

deploying TSA-based systems on a large scale is the challenge of fusing multiple

TSAs to cover a wide inspection area, e.g. residential homes and care homes.

On the other hand, objects that appear in the low-resolution thermal images

acquired from TSA have low intra-class variations and high inter-class

similarities, making the identi�cation of overlapping regions through matching a

comparable template image in multiple images very di�cult. Thus, there is a

necessity to develop a fusion approach to enable multiple TSAs to cover a wide

inspection area for an impactful monitoring human behaviour system.

Finally, most of the previous reported work that explored the use of TSA in

human abnormal behaviour detection did not take into account the e�ect of

false-positive detection scenarios on the consequent waste of emergency alerting

and response resources. This leads to real concerns about the reliability of

deploying such systems for multi-user environments with centralised information

support. For instance, a human fall is abnormal human activity that can occur

from standing, sitting or even unpredicted activity. Therefore, it is crucial to

address a valid issue concerning the users' accountability to the system's

decision in human behaviour monitoring schemes.
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Human Behaviour Monitoring:

Architecture and Methodology

3.1 Introduction

An impactful domestic human behaviour monitoring should be 
exible to operate

in di�erent domestic environment layouts, sensor placements and inclusion for

multi-occupancy environment scenarios. It is also important that the system

be reliable and able to solve its intended problems. For example, developing a

health-related anomaly detection system to deploy in older adults' homes with

centralised information support may create severe problems if the system is not

su�ciently reliable. This can be demonstrated in the example of a fall detection

system that triggers alerts to the information system upon detecting human falls.

A large deployment of such systems without considering user accountability may

lead to unreliable responses and actions, e.g., sending too many ambulances for

false alarm falls. Similarly, a solution that has been designed on the assumption

of a single-occupancy environment could erroneously report abnormal human

behaviours in the presence of a visitor.

This chapter facilitates the thesis readability by introducing the proposed

sensing technology and system architecture developed in this thesis for an

e�ective domestic human behaviour monitoring scheme. This chapter is

structured as follows: Section 3.2 presents the utilised sensing technology for
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domestic human behaviour monitoring. Section 3.3 provides the architecture of

the proposed monitoring scheme followed by the data collection scenarios in

Section 3.4. Lastly, Section 3.5 summaries the chapter.

3.2 Sensing Technology

The TSA sensors are employed as a non-contact sensing approach to measuring

the circumference temperature in a speci�c area. In this thesis, a commercial

TSA1 with the resolution of 32� 24 IR array, which makes a total of 768 Far

Infrared Radiation (FIR), has been used in the system acquisition stage. The

justi�cation behind choosing this TSA's resolution has been based on an empirical

calibration of di�erent thermal imagers presented in Chapter 4. Besides, the

sensor can be accessed via theI 2C interface, and its electric current is less than

23mA. This mA current makes it suitable for a battery-powered solution. The

refresh rate of this sensor is between 0:5 and 64Hz, which makes it capable of

detecting swift human movements. Figure 3.1 shows a heat-map representation

of the TSA output, which contains the acquired temperatures in the form of a

matrix. This heat-map contains a single human presence as well as the acquired

background temperatures. Based on this visual illustration, it is clear that it is

not possible to obtain identi�able human information visually. This assumption

has led to the claim that TSA is a privacy-preserving approach.

To determine the temperature of a speci�c region in the thermal image, this

region has to illuminate at least one complete FIR (pixel). Otherwise, the pixel

will represent a mixed temperature of the object and the adjacent background.

For example, the human presence shown in Figure 3.1 shows a variation in

human acquired temperatures. One possible reason for this variance is dressing.

However, the facial region of the human presence has also su�ered from

temperature variance. This is because some of the acquired face temperatures

were not fully illuminated by a full pixel.

On the other hand, the parameters used to describe a visible spectrum can

also describe the IR-based optical system. The main di�erence apart from the

1The sensor details can be obtained from the Melexis website:
https://www.melexis.com/en/product/MLX90640/
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Figure 3.1: A visualisation of TSA spatial temperature matrix representing the
presence of a human subject.

wavelength is the material of the lenses. In the context of IR optics, usually,

Silicon, Germanium, Zinc Sul�de or Chalcogenide glass show good transparency

for the IR spectrum. Thus, these materials are commonly used to produce lenses

for infrared optical systems. Hence, ordinary glass is not transparent in the

thermal IR spectrum. This explains why the IR optical system, e.g. TSA, fails

to acquire human thermal signals blocked by a glass door.

32



3. Human Behaviour Monitoring: Architecture and Methodology

3.3 Proposed Architecture

The focus of this research is to investigate the human physiological and

behavioural thermal patterns for privacy-preserving human behaviour

monitoring to support the independent living of older adults in a

multi-occupancy environment. To achieve this, the research methodology is

drawn into two main directions. First, human physiological processing of the

human thermal signal. Second, human behavioural processing of the human

motion signal. This drawn methodology consists of four novel main functional

phases presented in the system architecture's Figure 3.2. An outline of these

functional phases is provided below.

3.3.1 Phase 1

Employing TSA to obtain the data requires careful consideration of

TSA-related constraints. One of these constraints is the sensor placement and

coverage area. For instance, most of the early published TSA-based work

proposes a ceiling placement to obtain a �xed human presence shape, and

human temperature values [70]. However, this leads to severe

engineering-related concerns regarding the cost and the required sensors to

cover a large environment. In particular, relying on ceiling TSA placements

means more sensors are demanded. Therefore, the �rst problem solved in this

phase is to enable the TSA sensor to segment the human presence from an

adaptive sensor placement using appropriate pre-processing, semantic

segmentation, and post-processing techniques.

Multi-occupancy environments are also considered while designing the

system architecture. Thus, this functional phase provides an approach to

distinguish between empty, single and multi-occupancy environments through

estimating the number of human subjects in the acquired low-resolution thermal

images. The detailed technical concepts regarding this functional phase are

provided in Chapter 5.
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Figure 3.2: The proposed scheme architecture for domestic human behaviour
monitoring.
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3.3.2 Phase 2

The objective of the �rst phase was to segment and count the number of people

using a 
exible sensor placement. Nevertheless, the localisation and

physiological knowledge of the human presence have not been extracted.

Learning the exact location of the human presence supports tracking human

movement in the multi-occupancy environment. Two important values of

localisation information have been extracted from the TSA output in this phase:

(1) the human-to-sensor distance, and (2) the human-to-human distance.

Furthermore, this phase proposes a novel image processing feature to classify

the TSA's FoV into depth-based regions to facilitate real-time human

localisation.

Chapter 6 presents the detailed description and experiments conducted to

evaluate this proposed phase.

3.3.3 Phase 3

Unlike the �rst two phases' methodology, which was based on a single frame

processing, this phase explores human behavioural analysis through a

time-series-based TSA signal processing to enable the proposed monitoring

scheme to automatically learn the environment layout and identify the

overlapping regions between multi-sensors' FoVs. Thus, this chapter is

concerned with fusing multiple TSA sensors.

Identifying overlapped regions between multiple TSAs impacts various human

monitoring applications, including occupancy estimation systems. The impact of

this can be clearly demonstrated in situations where a person could be presented

in the overlapped region of two sensors. Thus the system might consider two

people in the environment rather than one. Besides, considering falls as abnormal

human behaviour that could happen in an overlapped region between two sensors

(One sensor would not be su�cient to cover the entire environment, e.g. older

adult home). The proposed system may trigger two separate fall alerts incorrectly.

More information regarding this phase is provided in Chapter 7.
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3.3.4 Phase 4

Inspired by the results of the previous phase, this phase continues to explore

human motion analysis in human ADL recognition and identifying human

behaviour anomalies. Precisely, to detect human falls in ADLs and promote

users' accountability through proposing a human-in-the-loop fall detection

system. More information regarding this phase is provided in Chapter 8.

Several experiments and robustness analyses have been conducted to examine

the proposed phases' generalisation ability and reliability, such as assessing the

ability of the proposed human behaviour monitoring for human subjects during

sleep or in the presence of an animal pet.

3.4 Data Collection Scenarios

One of the acceptability factors for good human behaviour monitoring is

convenience, as discussed in Chapter 1. To achieve such a system, the system

must be easy to use and not interfere with the users' daily activities. On the

other hand, the system should also be easy to install in di�erent environment

layouts without restrictions on the sensor placements. Ideally, the proposed

monitoring scheme should facilitate the system installers to choose where to

place the TSA based on their on-site observations. Accordingly, the system

should segment the human presence, learn the environment layout, and enable

multi-sensor processing from di�erent TSA placements and domestic

environments.

A comprehensive data collection has been conducted with di�erent TSA

placement scenarios to evaluate the performance of the proposed approach

functional phases. A summary of the TSA placement scenarios used to validate

each functional phase in the proposed approach is provided below.

- Stage (i) - data collection scenarios: the �rst data collection scenario is

implemented while placing the TSA on a vertical position as shown in Figure

3.3(a). Besides, a ceiling TSA placement, illustrated in Figure 3.3(b), is the

second data collection scenario to evaluate the adaptability of the proposed
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Figure 3.3: The scenarios of TSA placements to evaluate the performance of the
proposed human behaviour approach.
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human segmentation and occupancy estimation approach to operating with

complete unseen data.

- Stage (ii) - data collection scenarios: the data collection scenarios conducted

for this stage is based on a wall TSA placement, which is illustrated in

Figure 3.3(a). This scenario is more realistic than the ceiling placement

scenario for human localisation and distance estimation. Hence, human-

to-sensor distance from a wall placement is more challenging than ceiling

placement since human-to-sensor distance could be predicted or generalised

in-home environment settings. Furthermore, the proposed approach in this

stage has also been tested with completely unseen data and from new TSA

placement, which is the ceiling visualised in Figure 3.3(b).

- Stage (iii) - data collection scenarios: this thesis �nds that the objects

appearing in the low-resolution thermal images obtained from TSA have

low intra-class variations and high inter-class similarities, making the

identi�cation of overlapping regions through matching a comparable

template image in multiple images di�cult. Thus, various sensor

placements illustrated in Figure 3.3(c) has been employed to validate the

proposed sensor fusion approach. Speci�cally, the �rst use case scenario to

evaluate the feasibility of the proposed fusion approach to verifying if the

movement of a person acquired from 2 sensors installed side by side at 90�

can be determined in a multi-occupancy environment where there could

be another person who may perform similar or di�erent activities. The

second case scenario is when sensing interference occurs between opposite

sensor placements. Third, the interfering sensors are placed on the same

wall at di�erent heights. Finally, the interfering sensors are placed on the

wall and ceiling.

- Stage (iv) - data collection scenarios: in the last data collection stage, the

TSA is placed on a short height wall placement as illustrated in Figure 3.3(c)

to evaluate the performance of the series-based signal processing for human

ADL recognition and abnormal human behaviour detection. Furthermore,

the ceiling placement has also been used to analyse the proposed approach's

38



3. Human Behaviour Monitoring: Architecture and Methodology

robustness in predicting abnormal human behaviours during sleep.

The data collected has been conducted in di�erent domestic environments in

the summer and winter seasons of the United Kingdom. The reason for

considering di�erent seasons and di�erent domestic environments is that the

heating systems in the United Kingdom usually operate during the winter

season. In the summer months, neither heating nor cooling is used. These

evaluations ensure a high generalisation ability for the proposed human

behaviour monitoring approach as the TSA sensor is sensitive to ambient

temperature. Finally, all chapters in this thesis that contains data collection

have provided a detailed description of the used TSA placement scenarios and

how the data has been con�gured and analysed.

3.5 Chapter Summary

This chapter has presented the utilised sensing technology proposed to monitor

human behaviour in domestic environment settings. Moreover, this chapter has

abstractly discussed the architecture of the proposed approach phases to facilitate

reading the thesis. The TSA placements scenarios used during the data collection

have also been discussed.

The next chapter will provide a clear understanding of low-resolution

thermal imaging by empirically calibrating di�erent thermal imaging resolutions

and evaluating the privacy-preserving claim of TSA imaging.
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Chapter 4

An Empirical Calibration with

Privacy Assessment of Low and

High-resolution Thermal Imaging

4.1 Introduction

Thermal imaging (also referred to as Infra-Red Thermography (IRT)) is a

method of using infrared radiation and thermal energy to gather information

about objects. Thermal imaging is used in building diagnostics and

maintenance [157], animal health check [158]. In the context of human-centred

applications, it has been emerged in several human monitoring applications and

recently came to light to measure high human body temperature (fever) in

strategies to slow the spread of COVID-19 disease [159]. This is normally

achieved by very expensive high-resolution thermal cameras. Lately, a new

commercial low-resolution TSA sensor has gained growing interest in indoor

human behaviour monitoring due to its low-cost and human privacy-preserving

claims. However, there has not been su�cient independent empirical calibration

of low-resolution TSA and high-resolution imagers for human behaviour

monitoring applications.

This chapter provides empirical calibration of low- and high-resolution

thermal imagers regarding their visible outputs, temperature accuracy and

40



4. An Empirical Calibration with Privacy Assessment of Low and
High-resolution Thermal Imaging

stability. Besides, an assessment of the claimed privacy-preserving feature of

TSA has been conducted to experimentally validate the possibility of revoking

the human identity from the TSA's output. Thus, this chapter aims to

understand better the advantages, limitations, and research trends of using TSA

in domestic human monitoring schemes. The remaining parts of this chapter are

organised as follows: Section 4.2 provides a clear understanding of thermal

imaging for the thesis readers. An empirical calibration of thermal imaging is

provided in Section 4.3, and Section 4.4. An assessment of the

privacy-preserving feature of low-resolution imaging has been presented in

Section 4.5 followed by pertinent discussion and research trends drawn in

Section 4.6. A summary of this chapter is presented in Section 4.7

4.2 Understanding Thermal Imaging

The thermal imaging process relies on capturing the infrared radiations emitted

by the environmental objects to form a thermal image called thermograms. A

primary advantage of thermography over conventional imaging is its ability to

work with or without light since all objects with a temperature emit infrared

radiation. Recently, there has been a growing interest in utilising low-resolution

TSA in indoor human-centred applications [160, 161, 162]. The motivation behind

using TSA rather than high-resolution thermal imaging is due to several claimed

features, including privacy-preserving and low-cost capabilities.

Like any high-resolution thermographer, the spectrum of TSA radiation is

entirely determined by the temperature alone since no wavelength is selectively

emitted. Thus even a colourless object could still appear in TSA's thermograms.

On the other hand, the PIR sensor relies on a single IR sensing element to detect

warm objects as long as they have some degree of movement. The PIR sensors can

be considered a privacy-preserving approach in indoor environment applications.

Nevertheless, PIR can only detect temperature changes within the sensors' FoV

and, therefore, cannot be used reliably to detect, for example, di�erent states

of humans. TSA overcomes the challenges of detecting stationary objects and

their orientation within the sensor's FoV by utilising multiple IR sensor elements,

referred to as IR array, that works together instead of a single sensing element.
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The TSA's low-cost feature is evident compared to high-resolution

thermographers. For instance, the price of a commercial TSA is about 0:125%

of the price of the FLIR T6XX1 camera, the high-end \gold standard" thermal

camera. However, there has not been su�cient independent empirical

calibration of the performance of TSA and high-resolution thermal imagers for

human monitoring applications. Also, an assessment of TSA's

privacy-preserving claim for human behaviour monitoring is missing from

TSA-related works. This chapter aims to provide a fundamental understanding

of the advantages, limitations and research trends of using TSA in

human-centred applications by addressing the following speci�c objectives:

ˆ to perform a visual thermal calibration of a high-resolution and high-cost

imager with low-resolution and low-cost TSA;

ˆ to perform temperature accuracy and stability calibration for various TSA

sensors and high-resolution thermal imager;

ˆ to validate the claimed privacy-preserving feature of TSA in cloud-based

human monitoring applications.

The above study objectives, which have been visually illustrated in Figure

4.1, have been achieved using four thermal imagers, one TSA with the resolution

of 16 � 12, two TSAs with the resolution of 32� 24, and one high-resolution

thermal imager with the resolution of 640� 480. A detailed description of their

experimental calibration is provided below.

4.3 Visual Thermal Calibration

Thermal imagers capture the thermal energy of objects in the FoVs and output

as a temperature matrix. The temperature matrix visualisation is performed by

applying a colour mapping scheme to create a visual image. Thus, thermal

imagers could be considered as an image converter from the radiant thermal

energy to the visible images. Therefore, there are speci�c attributes for

1More details about the camera is available from the FLIR website:
https://www.
ir.co.uk/support/products/t640/
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Figure 4.1: Graphical visualisation of these chapter objectives to calibrate
between thermal imaging and assess the privacy of low-resolution TSA output.

determining the quality of the image: Accuracy, constant pattern noise and

thermal sensitivity.

Figures 4.2(a), 4.2(b), and 4.2(c) show a visual calibration on the obtained

temperature matrices post applying the same colour map scheme using TSA

with 16 � 12 and 32� 24 resolution versus high-resolution imager with 640�

480 resolution, all captured at the same distance. Remarkable observations can

be deduced from this visual calibration. First, the edges of the objects in the

TSA output were not well preserved compared to the high-resolution imaging

output. Second, the warmest region (maximum temperature values) that appears

in all visual calibrations is the human face. However, the scale of temperature

variations drops when the image resolution decreases. This is due to the fact

that each temperature value (pixel) in the imaging output represents the average

temperature of a wider inspection area for a lower resolution imager. This justi�es

the clear appearance of the human face in the high-resolution image and its high

accuracy even in the detection of a small heat bump under the human lips in

Figure 4.2(c).

The noise a�ecting thermography in indoor human-centred applications can

be classi�ed into two categories: (1) external noise, e.g. a cup of warm tea or ice
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Figure 4.2: A visual calibration on colour mapped temperature matrices obtained
using di�erent thermal imaging resolutions, (a) TSA with 16� 12 resolution, (b)
TSA with 32 � 24 resolution, (c) high-resolution imager with 640� 480.

cream, (2) thermal noise induced by human movement. Although external noises

a�ect the colour map scale of both high and low thermal images, human-induced

noise appears to be more serious in low-resolution thermal imaging. Figure 4.3

demonstrates two types of human-induced noise on the TSA output. The �rst is

caused by a swift human movement that can be seen around the thermal human

presence, while the second noise a�ects both low and high-resolution thermal

images as it is caused by prolonged human contact with environmental objects

such as a chair.
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Figure 4.3: TSA is sensitive to thermal noise induced from a recent human
movement and prolonged human contact with environmental objects such as a
chair.

4.4 Temperature Value Calibration

The visual calibration demonstrated the potential of low and high-resolution

thermal imaging in stationary and moving human detection. However, thermal

imaging provides more useful information than conventional imaging, which is

human temperature. This section investigates the reliability and accuracy of the

human temperature acquired using di�erent TSA resolutions. Figure 4.4 shows

an experimental calibration of human skin temperature accuracy using di�erent

resolution thermal imagers placed at the same human-to-sensor distance. The

�rst calibration shown in Figure 4.4(a) is concerned with assessing the stability

of the same TSA resolution. In particular, two TSAs with the resolution of

32� 24 have been used with a human moving in their FoVs. It can be observed

from Figure 4.4(a) that the TSA is a well-stabilised sensor for acquiring the

temperature value.

In the second calibration experiment, a high-resolution imager was also used.

A human moved from a close human-to-sensor distance to a far distance in the

sensors' FoVs and two di�erent TSA resolutions. The result of this experiment

is illustrated in Figure 4.4(b). It can be concluded from these results that there

is a linear relationship between all of the thermal imagers regardless of their

resolution. Speci�cally, the lower resolution TSA has a higher temperature value
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Figure 4.4: An empirical calibration of acquired human skin temperature using,
(a) same TSA resolution, (b) di�erent TSA resolution with a high-resolution
thermal imager on a di�erent human-to-sensor distance.

of 2� C in a linear relationship. Moreover, the lowest resolution TSA seems to be

more accurate than the higher resolution one with reference to the result of the

high-resolution thermal imager. Besides, the acquired temperature values vary

with the distance between the object and the sensor positions on all the used

thermal imagers.

4.5 Privacy Assessment of Low-Resolution

Thermal Imaging

Unlike high-resolution thermal imagers, human information is not clear enough

to identify human identity in the TSA's output. Therefore, it has been claimed

that TSA is a privacy-preserving sensing approach [163]. An empirical privacy

assessment has been conducted to verify the possibility of reconstructing the

low-resolution thermal image to invoke identi�able human information from the

TSA's output.

The analysis performed to validate the privacy-preserving feature of TSA is

based on exploring if there is a relationship between low-resolution and

high-resolution imaging. Thus, low-resolution images can be converted using

this relationship to high-resolution images. Technically, to perform a regression
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analysis to estimate the relationship between independent variables

(low-resolution images) and dependent variables (high-resolution images). In

this thesis, a two-layer feed-forward neural network is trained to solve this

regression problem. The network input is the low-resolution data, while the

output is the high-resolution data. The weight of the network is updated using

Levenberg-Marquardt optimisation [164].

Given a set ofm pairs (x i ; yi ) of low-resolution image and high resolution

image, the primary goal of the optimisation algorithm is to �nd the parameters�

of the network modelf (x; � ) to minimise the sum of the squares of the deviations

S(� ) as follow:

�̂ 2 argmin� S(� ) � argmin�

mX

i =1

[yi � f (x i ; � )]2 (4.1)

where �̂ is the estimate of parameters� .

In the �rst experiment, a dataset of 916 low-resolution images and 916 high-

resolution images were collected simultaneously for various indoor environmental

thermal objects, including human subjects who move within the imagers' FoV

while facing the imagers. Each subject presents in the imagers' FoV separately

at the time of acquisition. To have the same size of input and output network

layers, high-resolution images are resized to 32� 24, the TSA output resolution.

Further, the thermal images have also been converted from matrix to vector

form. The data set was divided randomly into 70%, 15%, and 15% for training,

validation, and testing. The R-value is used as a network evaluation matrix

to report the extent to which the regression model can convert low-resolution

images to high-resolution images and was 0:93691, 0:74869, 0:7128 and 0:85879

for training, validation, testing, and all of them, respectively.

The results above demonstrate the ability of the method to convert a low-

resolution thermal signal into a high-resolution thermal signal. However, the

result of the testing subset was 0:7128, which is not as good as the performance

of the training subset. On the other hand, the aim of this experiment is to

validate the claimed privacy-preserving feature of the TSA for human-centred

applications. Therefore, a second data set was collected in the presence of a

human in all the acquired scenes. The dataset contains 96 low-resolution images
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Figure 4.5: A visualisation of the regression model for the training, validation,
and testing data sets shows the relationship between the low and high-resolution
thermal images.
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and 96 high-resolution images. The regression model achievesR-values of 0:93912,

0:93287, 0:92174 and 0:93287 for training, validation, testing, and all of them,

respectively. Figure 4.5 shows the regression plots of the relationship between the

acquired human presence in the low and high-resolution thermal images. Building

on top of this, the identi�able human information may not be as private as claimed

since it can be revoked after the low-resolution thermal signal is enhanced into a

high-resolution signal.

4.6 Discussion and Research Trends

TSA shows a promising imaging approach for human-centred applications

through overcoming challenges observed in other sensing approaches for human

monitoring applications. For example, TSA does not require humans to wear or

carry a device and thus could be more suitable for supporting older adults to

live independently in their own homes. Also, the raw TSA output does not

contain speci�c identi�able information compared to regular- or high-resolution

thermal imagers.

The experimental calibrations of acquired human temperature show that

human temperature values vary with imaging resolution in a linear relationship

and human-to-sensor distance. Therefore, research work should take into

account this variation in applications where the acquired human temperature is

important for system decisions, e.g. human fever detection. Furthermore, the

TSA output appears to be more sensitive to thermal noise, and thus it is very

important to consider appropriate pre-processing techniques that are speci�cally

suited to this sensing methodology.

The results of this chapter raise serious privacy concerns regarding TSA

deployment in indoor human monitoring applications. Accordingly, TSA

privacy should not be taken for granted since a third party could reconstruct

the human thermal image from a low-resolution signal to a high-resolution

signal. Thus identi�able human information could be revoked.

From an engineering point of view, TSA would be a better choice than high-

resolution imagers due to the low cost and development integration for large-

scale deployment of indoor human monitoring applications. Nevertheless, high-
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resolution imagers provide richer thermal information than TSA and could be

more useful in controlled-based applications such as human medical diagnostic

systems or energy e�ciency applications.

Based on the empirical calibrations presented in this chapter, the TSA with

the resolution of 32� 24 has been chosen to conclude the results of the next

chapters.

4.7 Chapter Summary

This chapter has presented an experimental calibration of various thermal imaging

resolutions to provide a clear understanding of the limitations and opportunities

of low-resolution thermal imaging in the context of human behaviour monitoring.

Furthermore, the privacy claim of low-resolution thermal imagers, TSA, has been

examined practically.

The next chapter presents the proposed approach toward thermal human

presence segmentation and occupancy estimation.
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Adaptive Sensor Placement for

Human Segmentation and

Occupancy Estimation

5.1 Introduction

Most research in the �eld of human behaviour monitoring in domestic

environments, e.g., older adults' homes, are based on the assumption of a single

inhabitant environment [156]. Homes, in reality, often contain more than one

occupant. For instance, a reported study shows that the average number of

individuals per household is more than 3.14 people per home [7]. Therefore,

there is a need for a new functional layer to detect and determine the number of

people in a given area, which is referred to as occupancy estimation. On the

other hand, previous approaches to human-centred applications using the TSA

usually relied on the use of a �xed sensor location to make the human-sensor

distance and the human presence shape �xed. However, placing this sensor in

di�erent locations and new domestic environments can pose a signi�cant

challenge. In this chapter, a novel framework based on a deep convolutional

encoder-decoder network is proposed to address this challenge in real-life

deployment. The framework presents a semantic segmentation of the human

presence and estimates the occupancy in the domestic environment. It can also
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Figure 5.1: The proposed framework to estimate the number of people in
the thermal scene obtained using the TSA after applying a set of pre-
processing techniques, a deep convolutional encoder-decoder network to semantic
segment the human presence, and post-processing techniques that consider the
characteristics of the used sensor.

segment the human presence and count the number of people from di�erent

sensor locations, domestic environments, and human-to-sensor distance.

The remaining sections of this chapter are organised as follows: Section 5.2

explains the proposed framework architecture. The experimental results are

presented and discussed in Section 5.3. A robust analysis of the proposed

occupancy estimation phase of the human behaviour monitoring approach is

provided in Section 5.4. Finally, Section 5.5 provides a summary of this chapter.

5.2 Human-Centred Occupancy Estimation

A schematic diagram of the proposed system designed to suit the characteristics

of the TSA is shown in Figure 5.1. For example, the TSA is not light-sensitive

compared to the camera sensor. However, the TSA is sensitive to environmental

temperature and is of low resolution. Therefore, it is crucial to develop a

systemic framework that depends on the type of the used sensor itself. Besides,

the proposed framework segments the human presence from a noisy heat-map

using a deep convolutional encoder-decoder network. A set of pre-processing

and post-processing techniques are introduced to make the sensor output

applicable to the proposed segmentation technique. A detailed description of
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Figure 5.2: Heat-maps visualisation of (a) original heat-map, (b) interpolated
heat-map.

the proposed framework stages is provided below.

5.2.1 Pre-possessing

The pre-processing stage consists of three sequential phases. The �rst phase is to

increase the resolution of the TSA's original signals by interpolating the original

32� 24 temperature matrix to 96� 72 by repeating re�ned temperature values

3 times in each dimension. Figure 5.2(a) shows an example of the raw heat-map

and Figure 5.2(b) shows the result of interpolating the heat-map by a factor of

3. This factor is chosen because it provides the best visual resolution of the TSA

sensor-based heat-map and is proportional to the size of the input image of the

used convolutional encoder-decoder network described in Section 5.2.2 to segment

the human presence.

The detected human temperatures vary depending on the distance between

the human and sensor locations. Also, the covered parts of the human body have

a higher temperature than the uncovered parts. The normal maximum human

temperature detected using the MLX90640 sensor from a nearby point is 33� C.
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Figure 5.3: The Human presence using the thermal sensor array at di�erent
distances after applying the proposed pre-processing techniques.

Thus, the second phase of the pre-processing stage is to �lter any value with

a higher temperature than 33� C by converting it to the minimum temperature

value in the temperature matrix. By doing so, thermal noises such as a hot kettle

will be removed, and the human presence will remain as a foreground object in

the thermal scene.

It should be noted that Figure 5.2 shows a visualisation of the temperature

matrix using colour mapping to facilitate the reader's visibility of sensor data

visually. Moreover, the mentioned maximum �lter converts any temperature

above the set limit to the minimum temperature in the acquired temperature

matrix to maintain the variance between the temperature values. If the �lter

converts the high temperatures to zeros, this will cause the variance to be high,

which results in a di�erent colour scheme. The third phase of the pre-processing

stage is to export the colour-mapped matrix to an RGB image.

5.2.2 Semantic Segmentation for the Human Heat-Map

Semantic segmentation is applied to separate a human subject from the RGB

image produced after the pre-processing step. Semantic segmentation aims to

classify each pixel in the image into a corresponding class. In contrast, object

detection classi�es the regions of the image into a di�erent class and draws a

bounding box around the object of interest. In order to make TSA adaptive to

di�erent locations, object detection may not work well due to the high intra-class

variation of the human object in the thermal scene at di�erent sensor locations

and human-sensor distances. Figure 5.3 shows the human presence in the thermal

scene after applying the pre-processing techniques at distances from 1 m to 9 m.

It can be observed from Figure 5.3 that the human presence changes its size and

topology with respect to the distance. Therefore, instead of detecting the human

object, this thesis proposes to use a deep convolutional encoder-decoder network
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to classify each pixel in the thermal scene acquired by the TSA to either human

or background classes.

The convolutional network architecture proposed in [165] is used here. The

�rst path of this network, the encoder, is used to capture the context of the

thermal image. The encoder consists of a typical stack of convolutional and max-

pooling layers. The following part is the decoder part, which is the symmetric

expanding part that enables precise localisation using transposed convolutions.

In total, the architecture of this network has 23 convolutional layers. The reason

for choosing this network architecture with the TSA is that it is designed for

low-resolution images and does not require an extensive dataset as it performs

excessive data-augmentation techniques.

The network is optimised using Adaptive Moment Estimation (Adam) [166] to

compute the adaptive learning rates for each parameter using the gradient descent

optimisation approach. This optimiser computes the �rst squared gradientsmt

(the mean) and the second squared gradientsvt (the uncentered variance) as

follow:

mt = � 1mt � 1 + (1 � � 1) gt (5.1)

vt = � 2vt � 1 + (1 � � 2) g2
t (5.2)

mt is the estimate of the �rst moment of the gradient, wherevt is the estimate

of the second moment of the gradient. These estimates are biased toward zero,

particularly during the initial time steps when the decay rates are low (i.e.� 1

and � 2 are close to 1). To compute the bias-corrected �rst and second-moment

estimates:

m̂t =
mt

1 � � t
1

(5.3)

v̂t =
vt

1 � � t
2

(5.4)

Then, the network weight update as follow:
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wt = wt � 1 � �
m̂tp
v̂t + �

(5.5)

The initial default value for � 1 is 0:9, � 2 is 0:999, and 10� 8 for � .

The network is trained with a dataset containing 47 labelled thermal images

acquired from one human object from a vertical position at distances from 0:5 m

to 9 m. The output of this network is a matrix that shows the class (human or

background) of each pixel, i.e. a binary mask that shows the human presence in

the scene.

5.2.3 Post-possessing

The semantic segmentation technique proposed in the previous section has one

drawback, which comes from the low-resolution thermal sensing methodology

itself. Unlike the RGB camera, the TSA also senses the thermal noises left by

humans even when they leave the sensor's �eld of view, which has a similar

temperature to the human body. As a result, semantic segmentation may classify

these noisy pixels belonging to a human. To overcome this drawback, a post-

processing stage containing three phases is introduced.

The �rst phase is the connectivity �lter to remove thermal noises that have

a similar human temperature, such as noises generated by the human body or a

warm object with a similar temperature to the humans, such as a warm cup of

co�ee. The connectivity �lter is based on morphological operations. Speci�cally,

the 8-connected algorithm [167] �nds each connected component in the mask

generated by the semantic segmentation network. The methodology behind this

algorithm is to cluster each object based on the connectivity of its values. Each

value in the mask mentioned above belongs to the same object if it has the same

value (0 or 1) and is connected along the diagonal, horizontal, or vertical direction.

Any connected component that is less than or equal to 30 pixels is considered a

thermal noise and removed. This size is calculated based on �nding the minimum

human size acquired using the TSA from a maximum distance of 9 m. Next, the

second image processing technique used is the Flood-Fill algorithm [168] to �ll

gaps in the human mask obtained from the last step. These holes may appear due

to thick clothing, which reduces the temperature acquired for the human body
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Figure 5.4: Illustrative results of the proposed framework, (a) the thermal images
after applying the pre-processing techniques, (b) the human presence locations
after using semantic segmentation, connectivity �lter, and the extra human
validation techniques.

by using the TSA. This decrease in the human temperature values can be seen

as background pixels by the semantic segmentation network.

Since the colourmap is a colourful representation of the scene temperatures,

humans at far long distances from each other lead to colour the distant human

presence to background colours. Therefore, the second phase of the

post-processing stage is to repeat the previous steps starting from obtaining a

new RGB image of the interpolated heat-map without the locations of

segmented human presence and adding the new segmented human, if found to

the previously segmented mask. This extra-human presence validation phase

repeats until the scene becomes an empty occupancy.

Figure 5.4 shows a few examples of applying the pre-processing, semantic

segmentation, extra-human validation, and the connectivity �lter to locate the

human presence in the thermal images obtained by the TSA. Figure 5.4(a)

shows the pre-processed heat-maps in di�erent sensor location, human pose,

human-human distance, and sensor-human distance, where Figure 5.4(b) shows

the corresponding human presence in these thermal images after applying the

semantic segmentation, extra-human validation, and the connectivity �lter. As

mentioned earlier, the encoder-decoder network for the semantic segment of the

human heat-map was trained to detect the human presence with only one

person from a vertical position. These illustrative examples are all unseen data

for the network.

The human presence in the heat-maps converted to RGB images has been
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determined at this stage. However, human temperature values are lost because

they are converted to RGB values to focus on pixel intensity rather than the

temperature value. Therefore, the third phase of the post-processing stage is to

restore human temperatures through multiplying the masks obtained using the

semantic segmentation, connectivity �lter, and the extra human validation, which

is shown in Figure 5.4(b), by the interpolated heat-maps to count the number of

people as described in the following section.

5.2.4 Estimating the Occupancy Using Machine Learning

Approach

The �nal stage of the proposed methodology is to count the number of people

using the TSA. If all computed mask values from the semantic segmentation

and the post-processing techniques are zero, it means no human presence in the

thermal scene. Otherwise, two di�erent machine learning approaches were

evaluated to estimate the occupancy. In particular, a classi�cation model using

AdaBoost [58] and a regression model using shallow neural network [169] have

been developed to count the number of people after segmenting the human

presence from the thermal images. The primary di�erence between these two

approaches is that classi�cation deals with the problem of predicting a discrete

class label, where the output of the regression is a continuous quantity.

5.2.4.1 Classi�cation for Occupancy Estimation

In this thesis, an extension of the AdaBoost algorithm to a multi-class problem

called AdaBoost.M2 described in Algorithm 1 is used as a holistic classi�cation

approach. Thee-th training set for this algorithm includes the segmented human

heat-mapsx obtained after applying the pre-processing, semantic segmentation,

and post-processing techniques, wherey represents the class label (the number

of people belongs to the setY). The distribution D t (i; y ) is maintained over the

training set E and updated sequentially in each iterationc based on the output

of that iteration. As mentioned earlier, misclassi�ed training samples carry more

weight than those correctly observed in the next iteration. By doing so, the

update rule guarantees the upper bounds on training and generalisation error
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Algorithm 1 The AdaBoost.M2 algorithm to classify each thermal scene into a
class label, which represents the number of people in each scene.

Input: 1. Series ofE of training samplesf (x1; y1); : : : ; (xe; ye)g with labels
ye 2 Y = f 1; : : : ; j g

2. D represents the distribution over theE samples

3. Weak learning algorithmDecisionTree

4. Counter C for the number of iterations
1: Initialize: The weight vector: w1

i;y = D(i )=(J � 1), wherei = 1; : : : ; E; y 2
Y � f yi g.

2: for c = 1; 2; : : : ; C do
3: qc(i; y ) =

wc
i;yP

y 6= y i
wc

i;y

4: Dc(i; y ) = W c
iP E

i =1 W c
i

(y 6= yi )

5: Call DecisionTree . . Given the distribution D, and label weighting
function qc; return a hypothesisGc : X � Y ! [0; 1]

6: � c = 1
2

EP

i =1
Dc(i; y )

 

1 � gc(x i ; yi ) +
P

y6= yi

qc(i; y )gc(x i ; y)

!

. Calculate the

psudo-loss ofgc.
7: � c = � c=(1 � � c)

8: wc+1
i;y = wc

i;y �
1
2 (1+ gc (x i ;yi )� gc )( x i ;y)
c . Update the new weights vector, for

i = 1; : : : ; E; y 2 Y � f yi g
9: end for

Output: gf (x) = arg max
y2 Y

CP

c=1
log 1

� c
gc(x; y)

rates.

5.2.4.2 Regression for Occupancy Estimation

The second step to estimate the occupancy is a regression through estimating the

relationships between the segmented heat-maps and the number of people in the

scene using an arti�cial neural network. In particular, a shallow neural network

with only one hidden layer with sigmoid neurons and one output layer is used to

determine the number of people in the scene. The input of the network is the

segmented heat-maps, and the output is the number of people. The network is

trained using the Levenberg-Marquardt backpropagation algorithm [170]. This
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Figure 5.5: Data collection stages from two di�erent domestic environments, (a)
the sensor is placed on the wall, (b) the sensor is on the ceiling.

algorithm aims to minimise the sum of the squares of deviationsS(� ) of a set of

pair n (x i ; ŷi ) of input heat-maps x and the number of people ŷ by �nding the

parameters� of the model output f (x; � ).

�̂ 2 argmin� S(� ) � argmin�

nX

i =1

[ŷi � f (x i ; � )]2 (5.6)

The network training terminates when an increase in the mean square error of

the validation dataset is detected. In this network, in contrast to classi�cation, the

result in the regression is a continuous value. Therefore, the output ŷ is rounded

to the nearest decimal point as our goal is to estimate the discrete number of

people.
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5.3 Experiments

To evaluate the performance of the proposed methodology, experiments were

conducted with two di�erent con�gurations of sensor locations. Correspondingly,

two kinds of data were collected in di�erent domestic environments and sensor

locations.

In the �rst stage, the data was obtained while placing the sensor in a vertical

position, as shown in Figure 5.5(a). Within this stage, two subsets of data were

collected. The �rst subset consists of 47 thermal scenes in which only one person

moves in the sensor �eld of view up to 9 meters long. The thermal objects in

this subset are then labelled as either human or background objects. The second

subset is used to analyse the e�ect of human distance on sensor performance.

It is obtained in a human presence at distances of 0:5 m to 9 m away from the

sensor. This subset is collected every 0:5 m, and its size is 325. The third subset

was collected with one, two, and three di�erent occupants moving in the sensor

�eld of view to assess the performance of the occupancy estimation system. The

size of this subset is 214.

The second stage aims to assess the adaptability of the proposed framework to

work in a di�erent domestic environment and sensor location. In this stage, the

sensor is placed on the ceiling of the room, as shown in Figure 5.5(b). The dataset

was collected in four di�erent scenarios: one, two, three, and four occupants were

moving in the scene. The size of this dataset is 203. In addition to the above

dataset, 128 thermal scenes were collected from two empty-human environments

and sensor locations with thermal noises such as a hot kettle, laptop, and heater

when turned on to evaluate the proposed framework's ability to detect the empty

occupancy environment. In total, 917 thermal scenes were collected to conclude

the results of this chapter.

5.3.1 Human-to-Sensor Signal Analysis

To assess the impact of the distance on the human presence using TSA, a subset

of the described dataset above is used. The dataset has di�erent human heat-

maps every 0:5 m and up to 9 m in length as described earlier, which makes a

total of 18 distance steps. Further, an average human heat-map at every 0:5 m

61



5. Adaptive Sensor Placement for Human Segmentation and
Occupancy Estimation

Figure 5.6: The e�ect of distance on human presence, (a) the minimum,
maximum, and average temperatures, (b) the size of the human presence in the
thermal scene, (c) the variance in human temperature, (d) the estimate of the
entropy.

62



5. Adaptive Sensor Placement for Human Segmentation and
Occupancy Estimation

is computed. This average human heat-map for each distance step aims to avoid

biased analysis of a random selection of a human heat-map.

Figure 5.6(a) shows the e�ect of the human-sensor distance on the value of

the acquired temperature. Speci�cally, the minimum, maximum, and average

temperatures of a human presence at di�erent distances are shown. It can be

seen the acquired human temperatures decrease when a person moves away from

the sensor.

As shown in Figures 5.6(b), and 5.6(c) the sizes and the temperature variances

of human presence vary depends on the relative location of the human subject to

the sensor. One observation can be drawn from these �gures; there is a signi�cant

decrease in the size of the human presence and temperature variance in the �rst

1:5 m. The decrease in the size of the human presence and the variance continues

beyond 1:5 m, but with a smaller interval.

The common pattern of Figures 5.6(a), 5.6(b), and 5.6(c) is that they all

have relatively stable values starting from a distance of 6 m meters and beyond.

However, this stability does not exist in the entropy estimation of human presence

at di�erent distances, as shown in Figure 5.6(d). Besides, it can be identi�ed that

a linear relationship between the entropy metric for the human presence and the

distance for every 1 m.

Based on these results, it can be concluded that the TSA and all the metrics

calculated based on the thermal images are quite sensitive to distance.

Furthermore, the calculated statistical metrics, in particular, the entropy point

estimate, can be used to determine the human distance from the sensor using a

suitable function approximator (e.g. our shallow ANN).

5.3.2 Occupancy Estimation Experimental Results

The �rst experiment was to use the collected empty occupancy dataset and

evaluate the performance of the proposed framework to detect the empty

human environment before proceeding to the classi�cation or regression models

as described in Section 5.2.4. The proposed framework was able to detect the

empty occupancy with 100% accuracy. This performance validates the proposed

pre-processing, semantic segmentation, and post-processing techniques in
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segmenting only the human presence from the thermal scene.

The second experiment was to examine the performance of the classi�cation

approach using AdaBoost. The used dataset was obtained from the vertical

position. In this experiment, the dataset is divided into 70% for model training

and 30% for testing. The performance of this classi�cation model in occupancy

estimation is 98:43% achieved accuracy.

The third experiment is to validate the performance of the classi�cation model

with a di�erent machine learning approach. In this experiment, the regression

approach based on a shallow neural network is used. The same data used to

train and test the classi�cation model is also used to train and test the shallow

network. This dataset is divided into 70% for training, validating and testing the

shallow neural network during the network training stage, and 30% for testing the

performance of the trained shallow neural network to count the number of people

in the thermal scene. The performance of the regression model in occupancy

estimation is 93:75%.

The results of the above experiments show that the classi�cation model has

better accuracy than the regression model. The assumed reason for the lower

accuracy in the regression was due to the uncertainty of some of the regression

outputs. Hence, as mentioned above, the output of the regression is a continuous

numerical value. Since this milestone of the thesis is concerned with counting a

discrete number of people, the output of the regression model is rounded to the

nearest decimal number. Uncertainty occurs when the output has one-half (e.g.

1:5, 2:5, etc.).

5.4 Robust Analysis

This analysis has two main aims. The �rst aim is to validate the adaptability

feature of the proposed framework for operating in a di�erent domestic

environment and sensor location. Therefore, the sensor is installed on the

ceiling of the room in a di�erent home. Hence, the trained deep convolutional

encoder-decoder network from a vertical sensor location is used to segment the

human presence from the overhead thermal scenes. The second aim of this

analysis is to validate the possibility of parametrising the proposed framework
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Table 5.1: A comparison of the experimental setup, sensor placement, occupancy
estimation method and results of the proposed system with the state-of-the-art.

Paper/Method Ref. Sensor Placement Sensor Location Estimation Method Accuracy

Beltran et al. [91] TSA, PIR Non-adaptive Ceiling K-NN NA
Gomez et al. [93] TSA Non-adaptive Wall CNN 53.7%
Tyndall et al. [70] TSA, PIR Non-adaptive Ceiling K* algorithm 82.56%
Metwaly et al. [96] TSA Non-adaptive Ceiling ANN 98.90%

Wall AdaBoost.M2 98.43%
Proposed TSA Adaptive Wall ANN 93.75%

Ceiling AdaBoost.M2 100%
Ceiling ANN 58.33%

to predict more people in the scene. Therefore, the dataset collected for this

analysis contains more people compared to the previous experiments described

in Section 5.3.2.

The con�guration of this analysis dataset is divided in the same way as the

vertical sensor dataset used in the previous experiment is divided with the same

classi�cation and regression approaches. Regarding the classi�cation approach

using the AdaBoost algorithm, the system achieves an accuracy of 100% in

estimating the occupancy from 1 to 4 di�erent occupants moving in the thermal

scene. However, the system achieves 58:33% accuracy using a shallow neural

network to estimate the occupancy.

The AdaBoost algorithm's classi�cation approach shows high performance in

estimating the occupancy in di�erent sensor locations and environments using

the proposed pre-processing, human segmentation, and post-processing

techniques. However, the regression approach shows a lower performance in

estimating the occupancy from the overhead thermal scenes. This was due to

the high uncertainty of the output of the regression model in the overhead

thermal scenes compared to vertical-based scenes. On the other hand, the

regression approach is a promising approach to estimate the occupancy in an

unsupervised learning problem in which the number of people is greater than

the number used to train the model.

Furthermore, the proposed approach of this thesis has been compared with

the state-of-the-art approaches. Table 5.1 shows a comparison of the proposed

approach and other notable works in terms of the experimental setup,

adaptability of the sensor placement, occupancy estimation technique, and
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experimental results.

5.5 Chapter Summary

This chapter has presented a novel approach to segmenting the human presence

from di�erent sensor placements and estimates the occupancy of the

environment as the �rst functional phase towards enabling human behaviour

monitoring in a multi-occupancy domestic environment. The chapter has also

presented robust pre-processing techniques that have considered the TSA

characteristics and constraints. An empirical analysis of the human-to-sensor

signal has also been presented.

Finally, this chapter provides a robust analysis of the proposed technique

and assesses its generalisation ability. The next chapter presents the second

sequential functional phase to localise human subjects and extract their

physiological knowledge.
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Chapter 6

Human Localisation and

Physiological Knowledge

Extraction

6.1 Introduction

Extracting human-to-sensor and human-to-human distances based on human

physiological appearance is essential to developing a human behaviour

monitoring system that supports domestic multi-occupancy environments.

Human distance estimation is also vital in other applications, such as making

places safe by preventing the transmission of contagious diseases through social

distancing alert systems. This chapter proposes a novel approach to estimating

human distance for indoor human-centred applications using a low-resolution

TSA. The proposed system presents discrete and continuous human-to-sensor

distance estimators using classi�cation techniques and ANN, respectively. It

also proposes a real-time distance-based FoV classi�cation through a novel

image-based feature. Inspired by the results from this research stage, a novel

human-to-human distance estimator has also been explored in this chapter.

Besides, this chapter proposes a transfer application to the proposed continuous

distance estimator to measure human height.

The remaining parts of this chapter are organised as follows: Sections 6.2, 6.3,
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Figure 6.1: The proposed framework for estimating the distance between the
human presence and the thermal sensor array placement after applying a set of
techniques, which semantic segment the human presence, followed by a technique
to classify the FoV into distance-based regions, and �nally output the predicted
human distance in the FoV.

and 6.4 explain the proposed framework architecture. Experimental results are

presented and discussed in Sections 6.5, and 6.6 followed by pertinent chapter

summary drawn in Section 6.7.

6.2 Enabling Human Distance Estimation

It is crucial to segment the human presence and count the number of people

from the TSA outputs to extract human-related distances based on their

physiological appearance. Following the proposed approach in Chapter 5 to

segment and count the human subjects in the TSA's outputs, a schematic

diagram of the proposed human distance estimation approach is shown in

Figure 6.1. To recap, the proposed approach considers the TSA characteristics,

which are di�erent from regular cameras. In contrast with regular cameras,

which are sensitive to light, TSA is not sensitive to light. Instead, the TSA is

more sensitive to environmental radiation than the camera, resulting in much

noise in the TSA images. For example, the edges of the human body in thermal

images obtained from TSA are not sharp. Moreover, the moving body in

thermal scenes changes the occupied area's temperature and surroundings.

Therefore, although both the camera-based and TSA-based sensing generate

images, their processing techniques are di�erent.
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Figure 6.2: Illustrative results of the pre-processing techniques, (a) the original
heat-map of a human holding a cup of co�ee, (b) the heat-map after �ltering
and interpolating the original heat-map, (c) the e�ect of the faulty �lter on the
interpolated heat-map.

To enhance the resolution of TSA-based thermal images, an interpolation by

the 3 factor of the original thermal images is applied. By doing so, the

resolution of the obtained turns into 96� 72 instead of its original size of

32 � 24. Concerning the distance estimation problem versus the TSA

characteristics, the minimum captured human temperature varies depending on

the sensor's distance and the human location. Conversely, the maximum human

temperature can be determined from the closest point, which is 33� C using the

MLX90640 sensor.

Based on this, any abnormally high temperatures, such as a hot kettle, can

be �ltered. On the other hand, it is important to maintain the variance between

the minimum and maximum temperatures. So this proposed �lter converts the

detected high-temperature values to the minimum temperature in the thermal

image itself rather than converting the abnormal human high-temperature

values to zero. To give an impression, Figure 6.2 illustrates the results of

applying the pre-processing techniques to TSA's output. Figure 6.2(a) shows

the original heat map acquired while one person is holding a cup of co�ee in the

sensor's FoV. Figure 6.2(b) shows the result of applying interpolation and the

maximum temperature �lter. Figure 6.2(c) shows a negative example of a

wrong, abnormal human temperature �lter that converts high-temperature

values to zero instead of minimum temperature value in the thermal scene.

Although �ltering the high-temperature values in the acquired heat-map to zero
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Figure 6.3: Distance aspect of thermal human presence at distances from 0:5m to
6:5m in a distance step of 1m, (a) male participant, (b) short female participant,
(c) a relatively tall male participant.

preserves the human presence in the foreground of the thermal image, it also

increases the thermal noise in the background as well as a loss of visual, thermal

information (e.g. the heat distribution within the human presence area). As a

result, after the pre-processing, the resultant TSA output is a one-channel

temperature matrix. These �gures are generated by applying a colour mapping

scheme to visualise the TSA output better. Thus the last step of the

pre-processing is exporting the colour-mapped matrix into an RGB image to

enable the proposed encoder-decoder convolutional neural network to segment

human presence and estimate the occupancy as described earlier in Chapter 5.

6.3 Region Based Field of View

Based on geometry, it is possible to determine the distance,D, between the sensor

and an object if the object's dimension,O, is known and the sensor's FoV covers

the whole object. That is:

D =
O

2 � tan
�

F OV
2

� (6.1)

However, this geometry does not apply to human-centred sensing applications by
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Figure 6.4: The number of occupied human presence pixels at the bottom of the
image versus human to sensor distance.

TSA as humans vary in body shape in the output images. Figure 6.3 shows a

visualisation of the TSA output used for three participants at distances ranging

from 0:5m to 6:5m with a step of 1m. From these three illustrative examples,

it can be observed at the distance of 0:5m that the participant in Figure 6.3(a)

had his head fully visible while this was not the case for the female participant

in Figure 6.3(b). Continuously for a relatively tall participant, e.g. in Figure

6.3(c), the head and parts of the upper body are sensed from the same sensor

placement. On the other hand, the human body begins to fully emerge in the

TSA output at a distance of 3:5m and beyond. This means the distance for the

�rst few meters is unpredictable using the above geometry, and to predict the

distance after 3:5m, the human dimension is required.

The human distance in the TSA �eld of view should be carefully estimated.

To achieve this, a novel image-based feature to solve this problem is proposed.

This feature is based on the observation that human presence diminishes in the

bottom rows of the thermal image as the human goes further from the sensor

location. Figure 6.4 shows an example of the bottom image rows of a human

moving from a close point to a point far away from the location of the sensor. It
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can be seen that the number of pixels belonging to the human presence located

at the bottom rows of the thermal image decreases as the distance between the

sensor and the human increases. Based on this, the sensor's FoV can be classi�ed

into distance-based regions, e.g. near, middle, and far regions depending on

the human presence's location, using the number of occupied human pixels in

the bottom rows of the thermal image. Hence, this feature's simplicity would

allow real-time applications to quickly obtain the human location and reduce the

processing time to compute the exact human distance estimate, as described in

the next section.

The human presence mask, which is a binary mask that corresponds to the

class (human or background) of each pixel in the obtained thermal image

generated by the proposed encoder-decoder convolutional neural network, is

used to determine the number of the occupied human pixels in the bottom rows

of the thermal scene by counting the last non-zero values in the mask. This

feature is then used to train a classi�cation model to predict the region of the

human location in the FoV as described in Section 6.5.

6.4 Human Distance Measurement

In this section, the exact estimate of human distance will be computed after

�nding the region of human presence in the sensor's FoV, as described in the

previous section. Reducing the number of actual distance classes by categorising

the FoV into regions reduces the processing time and increases the proposed

estimation system's performance. Thus, this section provides a detailed

description of the extracted features used to train and test the proposed

estimation models.

6.4.1 Human Physiological Feature Extraction

A number of TSA-based human physiological features have been extracted to

predict the exact human location and measure the human-to-sensor and

human-to-human distances. Figure 6.5 shows an evaluative example of the

e�ect of human-to-sensor distance on human temperature values captured by
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Figure 6.5: The e�ect of the distance on the acquired human temperature using
the TSA.

TSA. Speci�cally, the minimum, maximum, average, mean, median and

variance temperature of human presence from 0:5m to 6:5m with a distance

step of 0:5m. It can be seen that the overall trend of human temperature

decreases with the increase of the human-to-sensor distance. To further evaluate

the image, the entropy is extracted for each segmented human heat map

histogram using the following equation:

H (X ) = �
nX

i =1

P (x i ) log P (x i ) where n = histogram bins (6.2)

In addition to temperature-based features, human presence size was also

73



6. Human Localisation and Physiological Knowledge Extraction

considered to feed the human distance estimation model. Hence, it has been

previously shown that there is an inverse relationship between distance and the

size of human existence.

6.4.2 Human-to-sensor Distance Estimation

The �rst proposed human distance estimation technique is a regression to map the

extracted featuresx and the human-to-sensor distance using ANN. In particular,

Multilayer Perceptron (MLP) arti�cial neural network with one input layer, one

hidden layer with sigmoid neurons and one output layer is used. The weight

updating � wjk can be written as:

� wjk (p) = � � yj (p) � � k(p) (6.3)

wherep refers to the number of iterations used to propagate the error signal from

the output layer to the hidden layer. The gradient error � k(p) in the output

layer is determined from the derived activation function multiplied by the error

in the output layer neuron. Hence,� refers to the learning rate. In this chapter,

the network is trained using the Levenberg-Marquart backpropagation algorithm

[170]. This algorithm tries to minimise the sum of the squares of deviationsS(� )

of a set of pairn (x i ; ŷi ) of input heat-maps x and the sensor-human distance ŷ

by �nding the parameters � of the model output f (x; � ).

�̂ 2 argmin� S(� ) � argmin�

nX

i =1

[ŷi � f (x i ; � )]2 (6.4)

The detection of the validation dataset's mean square error leads to the

termination of the training process. In a real-life scenario, there is an in�nite

number of distance classes as one human could be at any distance in the

sensor's FoV. Thus the aim of utilising this ANN architecture is to �nd a

continuous-based sensor-human distance estimate. However, a discrete-based

human distance estimation using the classi�cation approach is also performed to

evaluate the extracted TSA-based features' performance by having a speci�ed

number of classes for every 0:5m up to 6:5m, making a total of 13 classes.
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Figure 6.6: Illustrative use case scenarios for measuring the physical distance
between two human subjects, (a) �d is less than 2m, (b) � d is 0m , (d) when
� d is greater or equal to 2m.

6.4.3 Human-to-human Distance Estimation

The size of the inspection area captured in the FoV varies at di�erent depth

distances, which means that the TSA covers a wider area at greater distances

than those at close distances. To measure the physical distance, the inspection

area's size should be known at the speci�ed depth of human presence. Therefore,

the second step after calculating the human-to-sensor distance is to �nd the size

of the inspection area on the depth of the human as follows:

a = 2 � d � tan
�

FoV
2

�
(6.5)

whered is the human-to-sensor distance and FoV for the used TSA is 55� � 35� .

Assuming a human subject is located 2m far from the sensor position, the

inspection area a at their location would be 2:08m � 1:26m. Since the

measurement unit for images is in pixels, the horizontala is converted into a

pixel unit through dividing a by the horizontal image resolution, which is 32. In

the example where a human is located at 2m far from the sensor, each pixel in

the horizontal width of the image is equal to 0:065m. This process is repeated

to localise the human presence in the FoV for each human subject.

Figure 6.6 shows illustrative use case scenarios to measure the physical

distance between two human subjects. In Figure 6.6(a) the di�erence between

the sensor-human distances �d to both subjects is less than 2m. Also, � z,

which is calculated from the horizontal inspection area's sizea and the human

presence mask for each human subject, is not zero. Based on this, the physical
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