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ABSTRACT

Urban living and its vibration environment pose ever-increasing challenges in our every-

day lives. Urban planning and managing events requires correct and accurate information

about the city and its environment. Residents as an inseparable component of the urban

environment are affected most by any changes to it. Furthermore, the daily interactions of

residents put increasing pressure on road infrastructure, power supply, and environmental

management, including water, noise, air quality, healthcare and safety. Therefore, under-

standing their behaviour and the ability to monitor changes is one of the main interests for

city management groups.

Current crowd density estimation technologies that leverage IR depth perception and

video and image processing have privacy and deployment issues. Non-intrusive solutions

have been introduced to reduce computational expenses and concerns regarding the privacy

of residents. Probing for available Bluetooth and probing for available WiFi devices are

among the popular non-intrusive methods for crowd detection, crowd distribution analysis

and behaviour monitoring. However, both methods are highly dependent on the availabil-

ity of such devices. Moreover, the uniqueness of MAC addresses threatens the privacy of

individuals.

Estimating the crowd density based on available electromagnetic (EM) energy-level mea-

surements is a fully non-intrusive method that monitors variation in EM radiation within

an environment using a combination of advanced metamaterials and analytics to create a

crowd density estimation detector. When measuring the EM energy in an environment, any

object introduced into the measured environment directly affects the amount of EM energy

observed within the environment. The human body is on average 60% water, which has

an effect on the amount of EM radiation within the environment. Measuring the effects of

humans on the current environment and comparing with expected models of behaviour allow
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for an approximation of the number of individuals to be determined.

To accurately monitor changes in the EM energy observed, we make use of metama-

terials. Metamaterials respond to various frequencies in terms of transmission, reflection

and absorption. This feature provides the opportunity to use them as sensors in different

applications. In this study, a polarization insensitive metamaterial absorber with size of

18× 18× 1.75mm3 is used to accurately measure variations in the signal levels at 2.4 GHz

and 5.1 GHz. The absorbed energy is translated to measurable parameters of voltage and

current through a network of resistors. The level of absorbed energy varies with the in-

troduction of any absorbing object which can be detected by monitoring available voltage

and current values. Simulation and measurement results of the proposed structure demon-

strate its sensitivity toward the available EM energy with nearly 100% absorption efficiency

and very stable performance (greater than 75% absorption ratio) for incident angles from

theta = 0 to theta = 70.

Furthermore, individuals carrying mobile devices into a measured area will affect the

energy level for the respective frequencies that the devices operate at. A single detector can

be placed within a defined area to provide crowd estimation within a specific radius (e.g., a

room, an elevator, or a platform). Alternatively, multiple detectors can be tiled throughout

a defined area to provide a crowd distribution.
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Chapter 1

Introduction

1.1 Thesis motivation

Urban living poses ever-increasing challenges in our daily lives. Therefore, cities must be

smarter in managing their resources, infrastructure and environment to promote economic,

social and environmental well-being, and urgent solutions are required for viable living con-

ditions and sustainable city development.

Residents as an integral component of a city play a critical role in it. The impacts of

residents’ daily interactions and activities are undeniable on the city environment and infras-

tructure. These interactions and activities are exponentially increasing due to population

growth. The recent report of the Australian Bureau of Statistics predicts 100% growth in

Australia’s population by 2075 [1]. This prediction means that New South Wales will expe-

rience 35% growth rate in its population by 2040, whereas Sydney will have a population of

7.9 million people (84% growth) in 2053. The other three largest cities will be Melbourne,

projected to have a population increase of 93% by 2053, and Brisbane and Perth, which

are predicted to experience increases of 42% and 63%, respectively, by 2028. Furthermore,

another report predicts a 1% yearly increment in total number of daily trips, meaning 27
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million trips on an average workday by 2036, in Sydney alone [2]. Thus, understanding

residents and their behaviour, needs, and distribution will help city management teams plan

for the future properly.

A wide range of crowd estimation and monitoring solutions have been proposed and

investigated. Image-processing-based approaches [3] are among the most popular solutions in

crowd detection and monitoring. However, all the provided solutions require recorded images

of residents in the environment, which can violate their privacy. Furthermore, monitoring

areas are limited by computational expenses and the number of cameras that can be deployed.

To address the expenses and deployment issues, techniques of wireless scanning for devices

have been proposed. Bluetooth and WiFi probing [4,5] can be easily employed to provide the

required information regarding crowd changes in the scanning area. However, the accuracy

of estimation and monitoring depends on the number of available devices and frequency of

scans.

Non-intrusive crowd estimation approaches [6, 7] that are based on available wireless

technologies offer solutions for estimation while preserving privacy. These solutions, such as

channel state information (CSI) monitoring [8], observe defined features of the available sig-

nals and map them to changes in the environment. Although machine-learning algorithms [9]

that are used to address the complexity of the feature variations and its mapping provide

good accuracy for estimations, the computational expenses of training an algorithm are un-

deniable. Therefore, a new method with less complexity would be a worthwhile contribution

towards non-intrusive crowd estimation.

1.2 Thesis scope and objectives

Probing for possible Bluetooth and WiFi devices is used in crowd detection, crowd distri-

bution analysis, and behaviour monitoring. However, both solutions highly depend on the
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availability of the media.

Participatory Bluetooth scanning is one of the methods introduced as a solution to detect

crowds [10,11]. In this approach, a node itself serves as a scanner and provides information

to detect the number of devices around and, consequently, the number of people. However,

the scanning radius varies in different environments and densely crowded areas. A chapter

of this thesis investigates an analytical approach to increase the accuracy of the estimations.

WiFi scanning is the other approach for the passive detection of crowds and their distri-

butions [5, 12, 13]. Recently, a new security measure known as dynamic WiFi MAC address

for mobile phones was introduced; this feature can result in multiple detections of an individ-

ual. Moreover, the frequency of scans is critical in determining the distribution of a crowd.

Applying prior knowledge to the analysis helps to overcome the sparse data collection. A

real-world experiment on a train station platform is performed to map the crowd distribution

throughout the platform.

Although both Bluetooth and WiFi scanning are categorized as non-intrusive crowd

estimation approaches, yet there is a possibility of recording the gathered data to track

individuals. In addition, fully non-intrusive solutions such as channel state information have

also been introduced to detect and monitor crowds. In such methods, complicated algorithms

are used to observe the defined features of the available signals and map them to changes

in the environment. Thus, a fully non-intrusive method with less complexity would be a

worthwhile contribution to crowd detection and monitoring.

The objectives of this dissertation are as follows:

• To provide an analytical model to increase the accuracy of Bluetooth scanning for

crowd estimation.

• To provide an analytical model to derive the distribution of crowd using WiFi scans

with sparse data collection.
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• To introduce a fully non-intrusive method of crowd estimation.

1.3 Thesis contributions

In this dissertation, non-intrusive methods for estimating crowd density are investigated. In

this regard, crowd detection and density estimation methods based on Bluetooth and WiFi

scans with a backup of mathematical analysis are provided. Following these methods, a

novel method for crowd detection using measurements of electromagnetic energy levels is

proposed. Finally, a method for accurate measurements using metamaterial absorbers is

presented.

1.3.1 Bluetooth probes

Chapter 3 of this dissertation investigates a probabilistic approach to increase the accuracy

of estimation using participatory Bluetooth scanning. The discovery probability and proba-

bility of detection are calculated and based on experimental data, and unknown parameters

are estimated using the maximum likelihood estimation method. Another set of experiments

are performed to test the proposed approach in estimating number of people around a node.

A testbed is also designed and implemented using an Android app that collects data and

uploads them to the cloud. The collected data are analysed, and the results are represented

on a webpage to provide an understanding of the city-wide crowd distribution.

1.3.2 WiFi probes

In chapter 4, WiFi probing is studied in a real-world scenario, with the aim of providing

crowd counting and its distribution. The data that are collected on a train station platform

are used to drive the fingerprint map. Considering the resolution of collected data, prior

knowledge is applied to produce a probability map, with the aim of increasing the accuracy
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of location estimates. The probability map is used to estimate the locations of the detected

nodes and calculate a density heat map. The acquired heat map is compared with the results

of analysing CCTV images and exhibits a good correlation.

1.3.3 A fully non-intrusive approach

Chapter 5 provides a new solution for non-intrusive crowd detection and estimation. In

this method, available electromagnetic energy levels are measured and used to estimate the

number of people in a room. When measuring EM energy in an environment, any object

introduced into the measured environment directly affects the amount of EM energy observed

within the environment. The human body is on average 60% water, which has an effect on

the amount of EM energy within the environment. Measuring the impact of humans on

the current environment and comparing with expected models of behaviour allow for an

approximation of the number of individuals to be determined.

1.3.4 Metamaterial absorbers

Metamaterial absorbers are designed to catch RF signals and dissipate them. However, the

induced surface current can be measured to determine the amount of available and absorbed

RF energy. To this end, a polarization-independent low-frequency metamaterial absorber

using space-filling curves is presented in chapter 6. The approach of using space-filling

curves is employed to reach lower frequencies with smaller dimensions of unit cells. The

proposed structure provides 99% absorption at 900 MHz with a unit cell size of 0.075λ 1.

In chapter 7, a dual-layer metamaterial absorber targeting available WiFi bands (2.4

GHz and 5 GHz) is introduced. WiFi bands are chosen due to their availability indoors. It

is noteworthy to mention that 2.4 GHz is very close to the body resonance at 2 GHz, which

increases the accuracy of measurements due to high body absorption. The proposed structure

1λ indicates the wavelength.
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is based on Rogers 3003, with a dielectric loss of 0.001, allowing us to redirect the induced

surface current to a resistor and measure the voltage. Furthermore, to avoid measurement

interference, resistors are moved to the bottom layer of the structure using single vias. The

design is polarization-independent, and it exhibits a greater than 75% absorption ratio for

incident angles from θ = 0 to θ = 70.

1.3.5 Relevant publications

Patents:

• Australian patent pending, “Methods and Apparatus of Crowd Estimation Based on

Electromagnetic Energy Measurements,” Application number: 2018201509.

• US provisional patent, “Methods and Apparatus of Crowd Estimation Based on Elec-

tromagnetic Energy Measurements,” Application number: 62636839.

Conference papers:

• F. Tofigh, M. Amiri, N. Shariati, J. Lipman, M. Abolhasan, “A Polarization-Independent

Low-Frequency Metamaterial Absorber Using Space-filling Curve,” Submitted to EuMC,

2019.

• F. Tofigh, G. Mao, J. Lipman, M. Abolhasan, “Crowd Density Mapping Based on

WiFi Measurements on Train Platforms,” ICSPCS’ 2018.

Journal papers:

• F. Tofigh, M. Abolhasan, G. Mao, W. Ni, “Bluetooth Discoverability Probability Model

For Smartphone Based Crowd Density Estimation,” Submitted to IEEE Access, 2018.

• F. Tofigh, M. Amiri, N. Shariati, J. Lipman, M. Abolhasan, “Polarization Insensitive

Metamaterial Perfect Absorber for Crowd Estimation Based on Energy Level Measure-

ments of Ambient Electromagnetic Waves,” Submitted to Scientific Reports, 2018.
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• F. Tofigh, M. Amiri, N. Shariati, J. Lipman, M. Abolhasan, “Crowd Estimation Using

Electromagnetic Wave Power-Level Measurements,” Submitted to IEEE Transactions

on Vehicular Technology, 2019.

• M. Amiri, F. Tofigh, N. Shariati, J. Lipman, M. Abolhasan, “Miniature Tri-band

Sierpinski-Minkowski Fractal Metamaterial Perfect Absorber,” accepted to appear in

IET Microwaves, Antennas & Propagation, 2019.
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Chapter 2

Crowd Estimation in Literature

Residents as an integrated part of cities play critical roles in future planning for every city

and related events. In the last few decades, rapid increases in population have increased

the requirement for accurate estimation of crowds. Crowd analysis has drawn significant

attention from researchers in recent years due to a variety of reasons. Exponential growth

in the world population and the resulting urbanization have led to an increasing number

of activities, such as sporting events, political rallies, and public demonstrations, thereby

resulting in more frequent crowd gatherings in recent years. In such scenarios, it is essential

to analyse crowd behaviour for better management, safety and security. To this end, various

techniques have been introduced. This chapter provides an overview of the presented crowd

estimation and its mapping techniques.

2.1 Crowd estimation techniques

Crowd counting as the basis of crowd estimation aims to provide the number of people in

an area while offering the capability of mapping the counted numbers and extraction of

corresponding density map. This capability would provide valuable information in making
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decisions and infrastructure development for the future. A wide range of techniques, with

different goals, have been introduced recently to provide the required crowd density maps.

These techniques range from the grid density method by H. Jacobs [14] to more advanced

and accurate methods that require deployment of sensors in the area of interest that are able

to collect the required information [6, 15–18].

Image-processing techniques using digital cameras have proven to be effective techniques

for crowd estimation [15]. Other methods that can be categorized as signal-based methods

leverage the ubiquitous adoption of various wireless sensors, especially Bluetooth and/or

WiFi radios [4, 16, 19, 20]. The remainder of this section discusses each technique in more

detail.

2.1.1 Vision-based crowd estimation

One of the most common techniques for crowd estimation is using digital cameras while

employing image-processing techniques to detect human beings and provide the number of

people per pixel presented in the image (as illustrated in Fig. 2.1). Similar to most computer

vision problems in any non-uniform environment, crowd analysis also comes with numerous

challenges, such as occlusions, high clutter, non-uniform distribution of people, non-uniform

illumination, and intra- and inter-scene variations in appearance, scale and perspective. The

complexity of the crowd analysis problem has led to an increased focus of researchers on

image analysis techniques. These methods can be classified into three main categories:

1. Detection-based analysis

2. Regression-based analysis

3. Density estimation-based analysis.
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Figure 2.1: Illustration of vision-based crowd estimation and density mapping.

2.1.1.1 Detection-based analysis

Detection frameworks were one of the early approaches in vision-based crowd analysis. In

this approach, a detector, ranging from face detection techniques to human body detection

[21], is employed to detect people and count the number of people in the area [22, 23]. It

is noteworthy to mention that most of these approaches train a classifier using different

machine-learning techniques, such as support vector machines [24], random forest [25], and

neural networks, to detect pedestrians [26–29].

2.1.1.2 Regression-based analysis

In regression-based approaches, a mapping technique that matches the count with extracted

features from local image patches is used [30–32]. Using this approach, the process of training

and learning detectors can be avoided, which helps to reduce the complexity of the crowd

estimation process.

2.1.1.3 Density estimation-based analysis

To include spacial information in the analysis, [33] proposed the technique of learning a

linear mapping between local patch features and corresponding object density maps. Using

this technique, spatial information is incorporated into the learning process and eliminates
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the process of the detection and localization of individual objects. Thus, the integral of the

density map over any region provides the count within that region.

In summary, although vision-based approaches have been proven effective and accurate,

they also have been proven to be computationally expensive, especially over a large area.

Moreover, image-processing techniques are highly dependent on the image quality, which can

be easily affected with weather conditions or light. There are propositions to address some

these issues, such as using UAV (Unmanned Aerial Vehicle) and UGV (Unmanned Ground

Vehicle) images [34]; however, it is still challenging to obtain automated global awareness

based on images, especially for large crowds.

2.1.2 Signal-based crowd estimation

Considering the ubiquity of wireless technologies, signal-based techniques are introduced as

an alternative solution to detect people and provide the crowd density. In comparison with

vision-based approaches, signal- based techniques are more cost-effective and easy to deploy

in large areas. These techniques can be categorized into two approaches: “device-based”

or “device-free”. In device-based approaches, the detection is tied to a specific device that

people are carrying—for example, RFID tags. In device-free approaches, the detection is

not related to the devices carried by people. In some of the literature, mobile phone-based

approaches are considered device-free approaches due to the ubiquity of mobile phones.

2.1.2.1 Device-based techniques

In device-based strategies, users have to opt in by carrying a specific device, such as RFID

tags, to take part in estimation. These techniques usually require dedicated scanners to

detect the specified devices. Passive approaches are an alternative to opt-in approaches in

which density estimation occurs without user awareness or participation.
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(a) (b) (c)

Figure 2.2: (a) Rome during events. (b) Rome public transportation. (c) Traffic flow [35].

2.1.2.1.1 Cell tower information In 2011, Calabrese et al. used cell tower informa-

tion by extracting all the signalling messages to derive the number of associated devices [35].

These information integrated with the location of buses and taxis used to map crowd dy-

namics (Vehicular traffic and movements of pedestrians and foreigners) in Rome, Italy. Fig.

2.2 represents some of the results of this research. It is noteworthy that this method depends

on the active mobile equipment, not the actual number of devices around each tower.

In another technique, the call data record (CDR) was used to estimate the number of

devices around each tower around Morristown, New Jersey to analyse the flow of people [36].

Authors analysed voice and SMS traffic data through 35 cell towers for 60 days to obtain

Morristown laborshed1 and partyshed2 maps. CDR contains the client number, timestamp

and associate base-station ID. However, this information is available only if the user tries to

make a call or send an SMS. Moreover, the location accuracy is related to the BS’s sector

coverage, usually more than 300 meters. To address localisation challenges, Wirz et al.

suggested the use of mobile device GPSs during the Lord Mayors Show in London using a

specific mobile app [20]. This method was also used by Koshak et al. to derive the behaviour

of people during Hajj [37].

1Represents the geographical distribution of city workers’ living areas.
2An example footnote.

12



2.1.2.1.2 Social media posts Every activity and interaction on the Internet leaves a

footprint that can be used to extract useful data. In 2015, Botta et al. used two months

of recorded CDR data (calls, SMSs, and Internet activity) along with associated locations

of Twitter posts to quantify the crowd size in Milan [38]. In another study, Sinnott et al.

used social media data (Twitter posts) to estimate crowd size in four different sport events

across the world [39]. They have investigated 61 matches in England, 51 matches in Spain,

61 in Italy and 45 AFL matches in Australia to provide and estimation of the number of

attendees. The authors, claim that they could reach the error as low as 0.04342. However,

this error is 0.33663 for AFL in Australia and 0.27977 in Seire A of Italy.

2.1.2.1.3 RFID tags Managing large events such as Hajj comes with its own challenges,

and understanding the crowd behaviour would help to control and manage it better. Yamin

et al. proposed the use of RFID tags as wrist bands to understand the crowd behaviour

during Hajj and Kumbh [17,40].

2.1.2.1.4 BLE tags Bluetooth low-energy tags have been introduced as a low-cost al-

ternative to RFIDs to understand crowd dynamics during Hajj [41]. During this study, 600

tags and ten smartphones were used for 5 days to collect data for crowd analysis.

2.1.2.1.5 MAC address scanning In communication networks, MAC addresses are

defined as a unique identifier of a network interface. The ubiquity of mobile phones and

their related sensors and networking interfaces such as Bluetooth and WiFi enable them to

be used in people counting and crowd estimation. The unique MAC addresses of Bluetooth

and WiFi interfaces can be detected with scanners and used to estimate the number of

people around each scanner [5]. Although there are differences between Bluetooth and WiFi

protocols [4], both technologies are vastly used as simple and low-cost solutions for crowd

density and behaviour estimation.
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Figure 2.3: Bluetooth scanning window in [42].

In early research, in 2006, O’Neill et al. used Bluetooth scanning with two methods

of gatecounts that provide the count on the gate and static snapshots to understand the

patterns of movements and presence of crowds [42].

In recent years, Bluetooth technology has been suggested as a low-cost alternative solu-

tion for crowd detection and spatial behaviour extraction [43] [44] [45] [46,47]. The tracking

feature of Bluetooth has encouraged its use in a large number of applications, such as under-

standing people’s behaviour in a shopping mall [48] and travel time estimation on highway

segments [49]. Leveraging this feature of Bluetooth, Versichele et al. installed 22 Bluetooth

scanners to cover various areas of the Chent Festivities event in 2012 [50]. Analysing the

data gathered over 10 days, the authors extracted various trajectories that visitors follow

during the festival. Using this method, the estimated number of unique visitors was claimed

to be approximately 735,000 (minimum: 630,000, maximum: 880,000), with ∼ 1.4 million

visits in total, which shows an acceptable accuracy compared to the estimate of 1.5 million

visitors from the city. This approach was also implemented indoors during the trade fair in

Belgium in 2012 with the purpose of understanding visitors’ behaviour during the event [51].

In 2014, in a German airport, Bluetooth and WiFi scanners were installed to capture
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Figure 2.4: Deployment of WiFi scanners in the city centre of Assen, as shown in [13].

MAC addresses of available mobile phones to estimate pedestrian flow [12]. A similar ap-

proach has also been implemented in an office area to understand the different behaviours of

people, especially as a group [52]. In [13], the authors deployed 27 WiFi scanners in the city

centre of Assen during a festival, as shown in Fig. 2.4, to extract the number of attendees

and related patterns during the festival. This technique was also used in Madrid to estimate

the number of bus travellers by installing WiFi monitoring units and analysing the collected

data [53].

As described above, in the majority of previous approaches, fixed scanners are used to

scan the surroundings, and the collected data are used to perform estimations. Covering

a large area with fixed scanners can be costly and not feasible. To address this issue,

Stopczynski A. et al. introduced the method of participatory Bluetooth scans during a

large music festival [10]. In this approach, a subset of participants installed an application

that records Bluetooth scans. The location and detected Bluetooth devices are sent to a

server to estimate the number of festival participants and their distribution. Fig. 2.5(a)

shows the extracted density distribution during the festival. In another study, Weppner et

al. used a similar approach to estimate the crowd density and understand its flow during

a three-day city-wide festival in Zurich [11]. The extracted density map is shown in Fig.
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(a) (b)

Figure 2.5: (a) Kernel density at a music festival, as described in [10]. (b) Extracted density
map of [11].

2.5(b). The outcomes of the data analysis were backed up using ground-truth data, and

the accuracy of the results in correlation with the number of scanners and various scanning

windows was analyzed. The error for the proposed approach investigated in two different

scanning windows, ranging 65.44% in 10 minutes window to 26.11% in 30 minutes windows.

Hence, the best accuracy that they achieved was 73.89%. It is noteworthy that both studies

assumed 10 metres for effective Bluetooth detection; however, according to its specifications

and experiments, the effective detection radius could be greater (up to 100m).

2.1.2.1.6 Audio Tone based In an interesting approach, Kannan et al. Introduced

audio tone as a source of information to extract the number of crowd [54]. In this method,

they used speaker phone to transmit one or more simple tone and record audio tones with 44

KHz sample rate in the frequency range of 0 to 22 KHz. Fig. 2.6 illustrates the introduced

method by the authors. In this method, each phone sends a tone with an initial bit pattern.

This tone is received by other phones and after performing bit-wise OR operation is saved

as a new packet. This cycle continues until the counting is done and provides 90% accuracy

in counting.
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Figure 2.6: Illustration of Audio Tone based counting described in [54].

2.1.2.2 Device-free techniques

All of the aforementioned techniques require a detectable device to estimate the crowd density

and its behaviour. However, it is not feasible to expect people to carry a device all the

time. Moreover, privacy concerns and new security measures, such as the invisibility of

Bluetooth devices and periodic changes in advertised MAC addresses, can increase the error

of estimations [55]. Researchers have suggested device-free methods to overcome these issues.

These methods can be categorized into two main groups:

• RSS Monitoring and Measurements.

• Channel State Information.

2.1.2.2.1 RSS Monitoring and Measurements One of the popular methods for device-

free estimation is to monitor changes in RSS measurements. In [6], the authors recorded the

received signal strength (RSS) values on a grid of a wireless sensor network (WSN), as shown

in Fig. 2.7(a) to classify the crowd density as low, moderate, or high. Experimental results

for two different conditions, static and moving, shows an accuracy up to 95%. However,

the classifier categories moderate as both highly and moderately crowded. Moreover, the
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proposed method fails detecting high intensity crowd in static mode. Wang et al. proposed

a solution to measure queues based on the RSSI monitoring technique [56].

In another approach, Depatla et al. used one receiving antenna to record the changes

in the RSS values [57]. Their approach, as shown in 2.7(b), mainly relies on the behaviour

of signal facing blockage and also scattering effects. Experiments show that authors can

estimate number of people with more than 92% accuracy. Using a similar approach, De-

patla et al. repeated the experiment while placing antennas behind walls and analysing the

recorded information [7]. The obtained results demonstrate over 81% accuracy in detecting

the number of people through the wall.

2.1.2.2.2 Channel State Information (CSI) Channel state information specifies the

channel properties in a communication link. This information explains how a signal propa-

gates from the transmitter to the receiver and outlines the combined environmental effects of

scattering, fading, and power decay with distance. Since the CSI can contain more informa-

tion compared with RSS values, researchers have used it to estimate the crowd number [8].

In [58], authors monitor WiFi links in home to identify in-place and walking movement

activities. This is done by comparing signal profiles and they have reached 96% average

true positive rate with less than 1% average false positive rate. Fig. 2.8 describes the main

approach used to estimate the crowd density and people’s activities based on CSI analysis.

Based on CSI analysis, Yang et al. presented a method to count the number of people

passing by [59]. They suggested using the pattern of phase differences to recognize moving

directions. In a recent study, by leveraging the WiFi-enabled devices in combination with

CSI analysis, Zou et al. suggested a method of occupancy detection and estimating the

number of people indoors with the accuracy of 99.1% and 92.8%, respectively [60].
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Figure 2.7: Crowd estimation using RSS measurements in [6].

19



Figure 2.8: Crowd estimation and activity recognition based on CSI analysis in [8, 58].

2.2 Conclusion

An overview of different methods for crowd estimation is provided in this chapter. There are

number of vision-based techniques cited frequently in literature as one of popular approaches

in crowd estimation. Although vision-based techniques are presented an acceptable accu-

racy, but their accuracy is highly depended on the image quality. In addition, there is always

concerns of privacy due to possible face detection and tracking. As an alternative solution,

signal-based methods are represented. Methods such as RFID tags or WiFi or Bluetooth

MAC address detection, comes with a concern of privacy and tracking. Tackling this issue,

more complicated solutions such as channel state information analysis are introduced. How-

ever, these methods are complex in terms of anlysing recorded channel state information.

Remaining of this thesis, investigates possible solutions for non-intrusive methods of crowd

estimation with less complexity.
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Chapter 3

Bluetooth Discoverability Probability

Model For Smartphone-based Crowd

Density Estimation

Crowd density estimation is an integral part of crowd analysis and has found extensive ap-

plication in crowd control and city planning. Over the last decade, a range of measurement

techniques from visual sensing to image processing have been used to provide measurement.

However, the increasing ubiquity of mobile devices carried by people has enabled a number

of new approaches to perform crowd density estimation. This chapter presents a participa-

tory approach to estimate crowd density through Bluetooth scanning of mobile devices. The

participatory approach is low cost, can cover a large area and can provide an understanding

of the crowd and its behavior. The proposed approach provides an accurate method for

crowd estimation in one scanning period using a probabilistic model. The model consid-

ers the Bluetooth discovery probability, distances among nodes, and environmental effects.

Theoretical analysis are supported with field measurements and experiments which shows a

good agreement with the theoretical analysis.
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3.1 Introduction

Crowd density estimation has been of significant interest to crowd analysis over the last

several decades. The application of crowd analysis can be applied within varying domains:

the success of an event as measured by the number of participants attending an event;

emergency response and related event planning for large scale public events such as New

Years Eve celebrations; transport planning and targeted advertising for marketing analysis.

Understanding the size of crowd, its movement and behaviour models provides planners with

critical data to aid planning and response.

Recently, a wide range of techniques were introduced for crowd detection and estimation.

These techniques range from a grid density method by H. Jacobs [14] to more advanced and

accurate methods that require deployment of sensors in the area of interest that are able

to collect the required information [6, 15–18]. Vision-based methods, using digital cameras,

have proven to be an effective method in crowd estimation [15]. Signal based methods that

leverage the ubiquitous adoption of mobile phones with Bluetooth and/or WiFi radios have

provided alternative methods to detect and estimate crowds by scanning specifically for the

data transmissions generated by these wireless technologies [11, 61].

Unfortunately, most of these methods have proven to be either costly or impractical to

deploy within urbane environments or over large areas. Vision based methods are computa-

tionally prohibitive and do not scale well. Signal based methods require costly deployment

of sensing infrastructure [6, 11,15,15–18,61].

Mobile terminals such as mobile phones are currently equipped with large numbers of

embedded sensors that can measure different parameters of their surrounding area. Specifi-

cally, mobile devices can use Bluetooth to scan their immediate environment for any other

discoverable Bluetooth devices. Employing this capability, Stopczynski A. et al. used partic-

ipatory Bluetooth scanning to infer participants mobility and interactions in large events [10].
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Weppner J. et al. also used mobile phone based Bluetooth scanning during a Zurich fes-

tival to derive citywide crowd understanding [11]. It’s noteworthy that both publications

assumed 10 meters for effective Bluetooth detection. However, according to the Bluetooth

specification and experiments effective detection radius can reach up to a hundred meters.

This chapter presents a novel smartphone based participatory approach with an estima-

tion of the crowd accurately inferred from the probabilistic analysis. The contributions of

this chapter are summarized as follows:

• A theoretical analysis of scanning Bluetooth detection probability in terms of distance

and time is calculated by considering the independency of clocks on each device and

modeling the transmission signal channel. A stochastic approach, attributed to the

randomness of the events is taken into account in crowd density calculations.

• Field measurements are implemented to estimate parameters accurately and validate

the proposed method. The results show an accurate agreement between the theoretical

analysis and experimental results.

The remainder of this chapter is organized as follows. Section 3.2 presents related literature.

Section 3.3 formulates the problem and presents an analysis of the detection probability and

crowd estimation techniques. Finally, experimental results are presented and the outcomes

are discussed.

3.2 Related work

A wide range of approaches have been proposed after Jacobs’ grid density method of crowd

estimation [14]. With the introduction of new communication and imaging technologies over

the last decade, researchers have been able leverage either vision based (digital cameras)

or signal based (WiFi and Bluetooth) to improve crowd estimation accuracy. The methods
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described in literature can be further categorized into two approaches: “device-based” or

“device-free”. In the device-based approach, it is assumed that people carry a device that can

be detected - for example via wireless signals from a mobile phone or RFID tag. Alternatively,

the device-free approach makes no such assumption and does not depend upon devices carried

by people.

A popular approach to crowd estimation is to use digital cameras and image processing

to detect people and provide an estimation of the crowd. The methods used vary from

pixel-level analysis to object-level analysis or a combination thereof [15, 62]. Image based

approaches are device-free which is preferred during measurement. However, cameras are

only able to cover a limited area and deploying cameras to cover an extended area can

prove costly. Further, processing images or video streams from a large number of cameras

is computationally expensive. Accuracy is also greatly affected by environmental conditions

such as light and shadowing.

The ubiquity of WiFi devices has led to the development of WiFi based crowd estimation.

As people are moving in an area, WiFi transmissions leave measurable traces. Measuring

variations in WiFi received signal strength indicator (RSSI) between a pair of stationary

transmitter and receiver antennas has been used to estimate the number of people located

within range of a receiving antenna [57]. More recently, Channel State Information (CSI)

has also been explored to improve the accuracy of the estimation by investigating the vari-

ations of wireless channel state in different situations [16]. In [61], Domenico et al proposed

a differential CSI method to provide a rough estimation of the number of people in a room.

In [6], Yuan et al used a network of deployed sensors within a grid to collect RSSI measure-

ments. A K-mean algorithm was then used to classify the crowd density into different levels.

However, the downside of signal based methods is that they are subject to line of sight and

signal scattering effects which can affect results. Yamin et al used RFID tags along with a

wristband to count and monitor crowded events like Hajj in Mecca [17]. In [41], BLE tags
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detectable by smartphones are used for crowd detection and allow for an individual’s walking

route to be reconstructed. However, to determine density, this approach requires people in

the area to be tagged. In [42, 63], Bluetooth scanners are used to scan for Bluetooth tags

allowing for the estimation of crowd density and also the mobility patterns of people wearing

Bluetooth tags. This approach is useful in confined spaces however it does not scale to larger

areas or citywide.

To address gaps in image based and signal based approaches, the participatory methods

described in [10, 11] proposed to use mobile phones or smartphones as scanning devices

that scan for any available devices and use the acquired information to provide a rough

estimation of the crowd density. Leveraging these approaches combined with a sufficient

number of scanning nodes, any area may be covered at a low cost. However, this approach

also requires the participation of people to carry the mobile devices to collect details from

the Bluetooth tags.

3.3 Problem formation

This section presents a proposed model, problem formulation and detailed analysis of the

detection probability within range of a master node that is scanning for other Bluetooth

devices.

Bluetooth devices use an internal clock for timing and frequency hopping to avoid inter-

ference. To detect another device, a client should be in inquiry-scan state while listening

to the frequency that the scanning device advertises during a specific time slot. As each

device uses an internal clock for time and frequency selection, there is a possibility of not

detecting other devices due to a mismatch of frequency hops during the scanning period.

Furthermore, as with all signals, Bluetooth signals suffer from attenuation over distance.

Thus, any drop in the scanning signal strength will reduce both the detection range and
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Figure 3.1: System model for analysis.

detection probability within the scanning area. It should be noted that in this chpater, the

“master node” is a device that performs a scan for other devices denoted as “slave nodes”.

Table 3.1 describes notations and abbreviations in this chapter. To formulate the prob-

lem, a 2-D system with N people located at random positions [xi, yi]
T in a circle of radius

R is considered. It is assumed that the master node is located at the center of this circle at

[x0, y0]
T as described in Fig. 3.1. The distance between the master node and any slave node

device i then becomes ri =
√

(x0 − xi)2 + (y0 − yi)2. The radius R defines the detection

range for a device.

All devices in the system are randomly distributed and work independently. So, the

system is modelled by Poisson process with density of λ defined as:

Pr(n) =
(λ|B|)n

n!
e−λ|B| (3.1)

This process provides the probability of having n nodes in the area of B.

Failure to detect one or more slave nodes (miss-detection) in the system occurs for the

following reasons:

• There is no overlap between the time and frequency domain of a master node and slave

nodes.
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• The inquiry process expires without obtaining a successful measurement.

• The slave node cannot receive the signal due to signal attenuation (out of range) or

the signal is blocked.

Thus, the probability of discovering a slave node within a given distance, ri, depends on two

independent probabilistic events characterized by the following two probabilities:

1. Probability of having both master node and slave nodes operating on the same fre-

quency hop simultaneously, Pr(Sync).

2. Probability of successfully receiving scanning and response signals at slave node or

master node, respectively; Pr(Pr(ri) ≥ Pth | ri).

Hence, the probability of detecting a slave node within a given distance from the master

node would be:

Pr(Detection|ri) = Pr(Sync)× Pr(Pr(ri) ≥ Pth | ri) (3.2)

Hence the probability of having a slave node within a range of R from a master node

detected, can be given by:

Pr(Detection) =

R∫
0

Pr(Detection, ri = r)dr (3.3)

=

R∫
0

Pr(Detection | ri = r)f(ri = r)dr

where f(r) is the probability density function of having a device at a distance of r.
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Table 3.1: Notation Explanation

Notation Meaning
Inquiry/
Master/
Scanning
node

The node in the inquiry state;
which is sending IAC packets

Inquiry-
scan/
Client/
Slave node

The node in inquiry-scan state;
listening to IAC packets

IAC Inquiry Access Code
FHS Frequency Hopping Synchroniza-

tion
FS Frequency Synchronization
RB Random Back-off
τ parameter of exponential distri-

bution
r Euclidian distance
α Path-loss exponent
Pr(Sync) Probability of having synchro-

nized nodes (concurrent identic
frequency-hope)

Pr(X) Probability of parameter X
Pt Transmitting power
Pr(xij) Receiving power at node j from

node i
Pth Threshold power
PL(xi, xj) Path-loss from node i to j
PL0(d0) Path-loss at reference distance
d0 Reference distance (Usually 1

Km)
Zσ Zero mean Gaussian random vari-

able with standard deviation σ
ρ Penetration rate; defined as the

ratio of detected Bluetooth de-
vices over the total number of
people within radius R

Γ (k) Gamma function of k
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3.3.0.1 Discovery probability

In [64–66] the authors provide analysis of Bluetooth’s discovery and connection process. A

Bluetooth connection can be divided into three phases:

1. Inquiry process that discovers neighboring nodes by collecting neighbors’ information;

2. Paging procedure that establishes connection between a master node and slave nodes;

3. Piconet formation that starts the network between two sets of master and slave nodes.

A master node in inquiry state (scanning for client nodes) transmits very short (68µs)

packets, referred to as ID packet, with an Inquiry Access Code (IAC). For this purpose,

32 out of 79 available radio carriers will be divided into two 16-frequency trains: A and B.

The master node transmits the ID packet at two different frequencies and searches for the

response in two continuous time slots. More precisely, Bluetooth devices are equipped with

a 28 bit free-running clock that ticks every 321.5µs. The master node sends out ID packets

in the selected two frequencies for the first two 312.5µs(625µs) time slots. In the next 625µs

time slot the master node changes its status to inquiry-scan and searches for the response

on the previously selected frequencies. In order to overcome the synchronization issues, a

10µs margin is considered in scanning for the responses. Furthermore, the total time to send

and scan for 16 frequencies of each train is 10ms and each train will be repeated 256 times.

So, every 2.56s a swap occurs between trains. Moreover, every 1.28s a frequency will be

swapped between trains.

The slave node in inquiry-scan state, listens to one of 32 channels for 11.25ms. A longer

scan window ensures scanning of an entire train of 16 frequency channels. The scanning

frequency of each device is chosen based on its clock value and changes every 1.28s. As a

slave node device receives an inquiry packet, it changes the mode to sleep for a uniformly

distributed random number of time slots between [0, 1023], also known as random back-off
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Figure 3.2: Discovery process.

time (RB). This alteration minimizes the collision among devices that are listening to the

same frequency channel. The device returns to the scan mode by listening to the previous

frequency channel as soon as the back-off time elapses. On hearing the second ID packet

from the inquiry device (master node), the slave node waits for 625µs and then sends an FHS

(Frequency Hopping Synchronization) packet, containing ID and clock value of the device.

Once the master node receives the FHS packet it then adds the slave node device as one of

its neighbors. This process is shown in Fig. 3.2

Considering the discovery procedure described above, the master node should receive the

FHS packets from any slave device within range to be able to detect it. The FHS packet will

be sent by master node if it receives an IAC packet twice during a period of FS1+RB+FS2.

The time of receiving FHS packets is an identically and independently distributed (i.i.d)

random variable that can be modeled to yield an exponential distribution with parameter τ .

This process can be denoted as a Poisson process by X. So, the probability of node detection

(having synchronized master node and slave node) would be [64]:
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Pr(Sync) = Pr(RB + FS1 + FS2 ≤ X)

=

Tscan∫
0

Pr(T ≤ x)fX(x)dx (3.4)

Since the sleep time is uniformly distributed and Pr(Tmax < x) = 1, then

Pr(Sync) =

Tmax∫
0

xτe−τx

Tmax
dx+

Tscan∫
Tmax

τe−τxdx

=
1

τTmax
− e−τTscan

− (1 + τTmax + τTscan)e−τTmax

τTmax
(3.5)

Where fX(x) is the exponential distribution with parameter τ , Tscan is one period of

scanning, T = RB + FS1 + FS2, and Tmax = 659.375ms.

3.3.0.2 Detection probability

As mentioned, in order to detect a slave node, the master node should be able to deliver IAC

packets to the slave nodes and also receive FHS packets from the slave nodes. This process

(exchanging IAC and FHS packets) beyond having synchronized nodes, relies on receiving a

sufficiently strong signal to be able to read packets. Signal strength between master node and

slave nodes varies due to environmental effects such as path-loss, line of sight and obstacles

in the environment. These effects can be modelled using log-normal model [67].

To account for the probability of having SINR (Signal-to-Interference-plus-Noise Ratio)

greater than threshold in a given distance, we use Log-normal connection model in our

analysis. Denoted by Pt the transmitting power, by PL(xinq, xinqscan) the path-loss between
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the master node and slave node and considering shadow fading, the receiving power would

be:

Pr(xij) = Pt − PL(xi, xj) (3.6)

= Pt − PL0(d0)–10α log10(
xij
d0

) + Zσ

where Zσ is a zero mean Gaussian random variable with standard deviation σ. A pair

of Bluetooth devices are connected - can be discovered, if and only if PSINR > Pth, where

Pth is the threshold power. Thus, the probability of detecting a Bluetooth slave node within

range of the master node performing a scan and located at xij can be calculated as [67]:

Pr{Pr(xij) ≥ Pth} =

∞∫
a

1√
2πσ

e−
z2

2σ2 dz (3.7)

while

a = 10αlog10(
xij
r0

) (3.8)

and

r0 = d0 × 10
Pt−PL0(d0)−Pth

10α (3.9)

3.4 Crowd density estimation

The most straightforward method to estimate the crowd around each master node is to

run a scan for any nearby Bluetooth devices and assuming that each discovered device

indicates a person within a given radius. However, even with this assumption we showed
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that Bluetooth device detection is a function of random variables due to synchronization and

signal propagation with distance and there is a possibility of miss-detection. Furthermore,

considering a real world situation, this method may not be accurate due to undiscoverable

devices. To take undiscoverable devices into account, we define penetration rate (ρ) as the

ratio of discoverable Bluetooth devices to the total number of people within radius R. This

ratio would be obtained through field experiments.

ρ ,
Number of people with discoverable Bluetooth devices

Total number of people
(3.10)

Theorem 1. Let K be the number of discoverable Bluetooth devices within an area. Then,

K has an inhomogeneous Poisson distribution with density Z , λBπr
2 × Pr(Detection);

where λBπr
2 denotes the expected value for available Bluetooth devices and Pr(Detection)

is defined by (3.3).

Proof. Let M denote the number of people in an area. Then, M has a homogenous Poisson

distribution with density λ, representing the number of people per unit area. Therefore,

assuming MB as total number of persons with Bluetooth devices in a disk with a radius of

R will be a Poisson distribution with the density of λB , ρλ:

Pr(MB = n) =
(λBπR

2)n

n!
e−λBπR

2

(3.11)

Considering the fact that probability of detecting devices are identically and indepen-

dently distributed, probability of detecting k devices of MB = n available Bluetooth devices

would be

Pr(K = k |MB = n) =

 n

k

 [Pr (Detection)]k [1− Pr (Detection)]n−k (3.12)
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Thus, the probability of discovering k devices in a Poisson distributed environment is

given by

Pr (K = k) =
∞∑
n=k

Pr (K = k |MB = n) Pr(MB = n) (3.13)

=
[Pr (Detection)]k

k!
e−λBπR

2

×
∞∑
n=k

[1− Pr (Detection)]n−k

(n− k)!
(λBπR

2)n

=
[λBπR

2 × Pr (Detection)]
k

k!
e−λBπR

2

×
∞∑
n=k

[λBπR
2 × (1− Pr (Detection))]

n−k

(n− k)!

using Taylor series;

Pr (K = k) =
[λBπR

2 × Pr (Detection)]
k

k!
e−λBπR

2

×
[
eλBπR

2

/eλBπR
2×Pr(Detection)

]
=

[λBπr
2 × Pr(Detection)]

k

k! exp (λBπr2 × Pr(Detection))
(3.14)

which yields a Poisson distribution as a function of λ and Pr(Detection).

By determining the discovery probability and using Maximum Likelihood Estimator

(MLE), if k Bluetooth devices can be measured, the crowd density can be estimated as

the value of λ that maximizes Pr(K = k).
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3.5 Experimental results

The Bluetooth specification specifies a detection range of up to one hundred meters. How-

ever, considering the nature of wireless signals, antennas and various environmental effects,

probability of detecting a Bluetooth device varies given distance and environmental param-

eters. Effects of path-loss and blockage have been analyzed through log-normal model. To

verify the analysis, a series of experiments have been designed and implemented. During the

experiments, we tried to account for all possible environmental effects such as attenuation,

blockage, and effect of crowd by performing tests in different conditions and environments.

Fig. 3.3 shows some of the selected environments for the experiments. As illustrated, the

chosen environments have various structures and pose different type of environmental and

non-environmental effects. Experiments were performed within the campus of University of

Technology Sydney and Sydney CBD. To ensure more realistic and accurate measurements,

mobile phones are used for both master node and slave node devices during testing. The

experiments in this study can be categorized into three main sets. First set of experiments

investigate the detection probability of Bluetooth devices. Second set of experiments were

designed to drive penetration rate as defined in (3.10). The third set of experiments validates

the theoretical analysis based on the experimental results, indoors and outdoors.

3.5.1 Detection probability

The first set of experiments performed target the detection probability of Bluetooth devices.

The scanning master node can detect slave nodes if both are operating on the same frequency

slot and Pr(xij) ≥ Pth. Where Pr(xij) indicates receiving signal power within a distance

x between nodes i and j where Pth is the threshold power. Nexus mobile phones (with

Bluetooth version 4.2) are used as measurement devices on both sides (master and slave

node) and one scanning period (12 seconds) is considered as the time interval for each
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Figure 3.3: Experimental environments

Figure 3.4: Method of experiment to drive detection probability
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Figure 3.5: Measurement results for various environments and three different methods of
carrying a device. (a) Indoors (b) Outdoors
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Figure 3.6: Effect of crowd on Bluetooth detection rate.

measurement. All the tests are done in a random environment during sunny and rainy

working days. During the early stages of experiments, it was apparent that the effects of

the human body and the orientation of how the phones were held or carried could not be

neglected. So, the experiments were modified to consider all the possible environmental and

non-environmental effects. As shown in Fig. 3.3 the experiments accounted for a variety

of different environments with glass-metal design, open concrete structures, and random

structures inside buildings with and without human interference. Likewise for outdoor, open

green spaces, areas with possible natural blockages such as trees, and areas surrounded by

buildings with and without human interference were also investigated.

Fig. 3.4 describes the method of experimentation for detection probability analysis. As

shown, the test environment considered as real scenario with random number of people and

Bluetooth devices around the master node. For each test, the master node performing a scan

was placed at the center of a circle with radius r (0m ≤ r ≤ 100m). A person who is carrying

the slave node was moved at the circumference of the circle. Having the slave node moving

and standing in different positions helps to have human body effects in the gathered data.

Ten data samples were collected for each experiment at each position for both line of sight
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and non-line of sight. Furthermore, the experiments considered a phone held in a hand, in a

pocket and in a bag. In total, three hundred data samples were collected for each R in both

crowded and non crowded environments to consider the effects of human interference. It is

noteworthy to mention that the experiments are repeated for ten times in similar conditions

and environments to have a reliable data set. Fig. 3.5 represents the average values of the

collected data to illustrate the effects of the how a phone is held or carried. Investigating

the effects of the crowd on the detection rate, Fig. 3.6 shows the average value of the three

hundred samples at every distance for both crowded and non-crowded environments both

indoors and outdoors. During this work, we have defined crowded as more than two persons

in a square meter. As represented in Fig. 3.5 the lowest detection rate occurs while carrying

a phone in the pocket and the highest rate is achieved when a phone is held in a hand.

Considering the randomness of the conditions and environments, the average value of all

tests for indoors and outdoors is used in detection analysis to take all the possible variations

into account. According to the experimental results represented above, the Bluetooth range

is greater than the 10 meters described in literature. The range varies indoors and outdoors

and can provide a range of 55 meters to 35 meters - while achieving a detection rate of more

than 10 percent.

As stated, measured data is used to estimate the values of the parameters in the detection

probability using MLE. By substituting (3.4) and (3.7) into (3.2), the probability of detection

with a given distance can be calculated as shown in (3.15).

Pr(Detection | r) =

Tmax∫
0

xτe−τxdx

Tmax
+

∞∫
Tmax

τe−τxdx

×
∞∫

10αlog10(
xij
r0

)

1√
2πσ

e−
z2

2σ2 dz (3.15)
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Our study considers static environment during one scan. Thus, the scanning node has

enough time to scan its surrounding as nodes are not changing fast during the scanning

period. As a result, the synchronisation probability can be ignored. Thus, (3.15) can be

reduced to:

Pr(Detection | r) =

∞∫
a

1√
2πσ

e−
z2

2σ2 dz (3.16)

Where a = 10αlog10(
xij
r0

). Hence, the unknown parameters are α, r0, and σ that need

to be estimated based on the measurements. However, using the complicated structure of

(3.16) in the remaining calculations would result in an overly complex formula. So, as an

alternative, a linear model is also considered to fit the measured probability of detection.

Pr(Detection | r) = Ar +B (3.17)

Where r is the distance between two nodes.

Using MLE, parameters of the detection probability function can be estimated as

L(R|θ) =
∏100

1
[Pr(Detection | r)]k [1− Pr(Detection | r)]N−k (3.18)

Figure 3.7 shows the obtained PDF (Probability Distribution Function) using log-normal

model, (3.16), and linear model, (3.17), fitted to the measurements for indoor and out-

door environments. Each measurement point is the average of a hundred tests in various

environments including the means by which a phone is carried.

Having the probability of detection within a given r and using (3.3) the probability of

detection can be obtained for indoors and outdoors. Considering a log-normal model:

40



Pr(Detection) =

∞∫
0

Pr(Detection | r)× 2λBπre
−λBπr2dr

=
λB
√

2π

σ

∞∫
0

∞∫
10α log10(

r
r0

)

e
−
(
z2

2σ2
+λBπr

2
)
rdzdr (3.19)

Thus, for indoors the probability:

Pr (Detection) = −0.4
√

2π

RIn∫
0

λBπre
−λBπr2

(
erf

(
1.18 log(

r

28
)
)
− 1
)
dr (3.20)

Where RIn represents the radius for Pr(Detection) > 0.1 for indoors. And, outdoors:

Pr (Detection) = −0.4
√

2π

ROut∫
0

λBπre
−λBπr2

(
erf

(
1.05 log(

r

18
)
)
− 1
)
dr (3.21)

ROut is the radius for Pr(Detection) > 0.1 for outdoors. Also, taking the linear model

into account:

Pr(Detection) =

∞∫
0

Pr(Detection | r)× 2λBπre
−λBπr2dr

=

∞∫
0

(Ar +B)× 2λBπre
−λBπr2dr (3.22)

For indoors:
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Pr(Detection) =

R1∫
0

2λBπre
−λBπr2dr

+

RIn∫
R1

(1.048− 0.016)× 2λBπre
−λBπr2dr (3.23)

Where R1 = 3m indicates Pr(Detection) = 1. And, outdoors:

Pr(Detection) =

ROut∫
0

(1− 0.022r)× 2λBπre
−λBπr2dr (3.24)

3.5.2 Penetration rate and crowd estimation

To estimate the crowd, we have defined a penetration rate, (3.10) that will provide the

average ratio of discoverable devices over the number of people within the radius R. Radius

R is determined according to the measurement conditions (section 3.5.1) - 35m for outdoors

and 55m for indoors. Two hundred tests have been done in randomly chosen indoor and

outdoor environments to determine the penetration rate. During each test, the Bluetooth

measurements have been repeated five times to assure the quality of gathered data. To drive

the penetration rate, the number of devices was recorded and averaged over five repeated

tests. Simultaneously, the number of people within the detection radius were counted and

recorded. Then, the penetration rate for each test was calculated and a final penetration

rate was determined as the average value for all the results.

Based upon the analysis mentioned in Section 3.4, we estimate the crowd around each

master node. Substituting detection probability functions of (3.20), (3.21), (3.23) and (3.24)

into (3.13) and solving for λ to maximize Pr(K = k) will give us an estimation of the
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Figure 3.7: Measurement results for detection probability, and estimated log-normal and
linear models. (a) Indoors (b) Outdoors
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crowd around each node. As mentioned, maximum value of λ for any given number of

devices, provides the mean value of the density according to the detected number of devices.

The analytical results also can provide the variation in the calculated density to cover the

variation of the measurements.

To illustrate the accuracy of the analytical results, Table 3.2 provides a comparison of

the estimated mean values for both models in 3.5.1 and the average value of twenty random

experiments for a given number of devices both indoors and outdoors. It also represents

the error value as the ratio of absolute difference of estimated and experimented values to

experimental values. As demonstrated in Table 3.2 and due to the availability of the data,

three different numbers of devices were considered. Estimated values have been divided into

two sections to compare the results for both linear and log-normal models. For indoors

environments with one available Bluetooth device, the estimated value is 6 people (with the

density of 0.041) using the linear model and 9 people (with the density of 0.059) using the

log-normal model while the actual value for one available device is 7 people (with the density

of 0.047) on average. For outdoors environments with one available Bluetooth device, the

estimated number of people is 22 people (with the density of 0.0047) using linear model

and 41 people (with the density of 0.0138) using the log-normal model while the actual

value for one available device is 43 people (density of 0.01) on average. Comparing the

results and errors, it can be concluded that for indoor environments the linear model is

acceptable. However, for outdoor environments the linear model results are not acceptable

and log-normal model should be considered as the main model.

3.6 Testbed design (Mobisensing)

Static scanning nodes in traditional systems provide limited coverage area, which makes

citywide coverage infeasible. Mobile crowd sensing yields more coverage than traditional
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Table 3.2: Estimated value for crowd and error rates.

Num.
of
nodes

Estimated value Experimental
value

Error

Linear
model

Log-normal
model

Linear
model

Log-normal
model

Indoor 1 (0.041) 6 (0.059) 9 (0.047) 7 12.8% 25.5%
Indoor 2 (0.081) 12 (0.095) 14 (0.073) 11 10.9% 30.1%
Indoor 3 (0.122) 18 (0.13) 19 (0.107) 16 14% 12.3%

Outdoor 1 (0.0074) 22 (0.0138) 41 (0.01) 43 53% 38%
Outdoor 2 (0.0143) 42 (0.0222) 66 (0.02) 62 28.5% 11%
Outdoor 3 (0.0213) 63 (0.0297) 88 (0.022) 64 3.2% 35%

systems due to the mobility of the users. Given a sufficient number of participants in a

region and considering the spatio-temporal correlation of the data that the users submit, a

full coverage of the region will be established. On the other hand, the mobility introduces

some challenges in data interpretation such as the sensing quality. Having an accurate

understanding of the environment requires accurate measurements, which can be affected

because of the mobility of the users.

3.6.1 Test-bed preparation

Understanding the crowd’s behaviour in a wide area requires a large set of data, which is

associated with the time and location. To this end, a test-bed has been designed. The

test-bed consists of two parts:

• An Android phone application, MobiSensing, that collects the required information.

• Data visualisation that maps the processed data into Google Maps as an overlay.
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3.6.2 Framework of MobiSensing

MobiSensing is an Android-based app that runs as a background application. This applica-

tion records locations through the Google location provider and scans for WiFi access-points

and Bluetooth devices every 30 seconds. To preserve the anonymity, the application assigns

an ID to each device and uploads data using its assigned ID. Furthermore, the application

is equipped with a pedometer to increase the location and mapping accuracy. Information

is uploaded to a central server from all available devices. This information is processed on

the server, and the outputs are represented as a layer on top of Google Maps.

3.6.3 Key challenges

Using the participatory MobiSensing app, one can sense only part of the spatially and

temporally associated data, which indicates several research challenges.

• Gathered data quality: Given a set of data, how can we assure that the received data

are reliable? One of the greatest challenges is the location accuracy, which sometimes

is as low as 500 meters.

• Data integration: The spatially and temporally correlated gathered data from various

devices should be assigned to the actual location and time. Furthermore, several

devices can upload large quantities of shared data. All of this information should be

distinguishable to derive meaningful data for analysis.

• Data mapping: Given a set of spatially and temporally associated data, a flexible data

mapping system is required to intelligently manage data in the process.

46



3.6.4 Data quality

The analysis and accurate outputs are highly dependent on the gathered data quality. Con-

sidering the circumstances of the sensing conditions, e.g., the way of carrying the phone,

walking speed, and network issues, there is a possibility of having missing or corrupted data.

Thus, there should be techniques to guarantee the quality and accuracy of data. Moreover,

a large quantity of data is transferred through mobile phones. This number of data should

be handled properly.

To overcome the aforementioned issues, some techniques are implemented as follows:

1. High degree of data access optimisation

2. System for easy data validation and evaluation to ensure validity

3. Modular implementation of the system that allows scaling in various environments to

accommodate the rising computational and storage requirements.

These techniques are further discussed in the remainder of this section.

3.6.5 Data integration

Received data contain location, timestamp, and a unique serial number of all the detected

devices. The system will map the location into the triangular grids. Then, the system

calculates the Euclidian distance of the centre of the mapped triangles; if it is smaller that

the threshold (55 m), then the system will start to read the time and detected device table.

All overlapped data are identified, and the final results are projected to the map.

3.6.6 Data mapping

A flexible data mapping system is required to properly handle the data association and

processing. Based on the requirements of the project, the data mapping system should
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be capable of providing meaningful visualisation of data for quick validation and in-depth

analysis.

As one passes urban areas, especially those with high skyscrapers, the accuracy of GPS

and mobile network localisation dramatically decreases. According to our tests, the location

accuracy is 5 to 500 m. Thus, the spatial association of data becomes a challenging issue. The

data mapping system should be able to handle the less accurate data as a core functionality.

Due to the number of data, the provided technique should be sufficiently fast to en-

sure that on-demand access is possible. Furthermore, the method should ensure that data

processing and data retrial can be simultaneously performed.

• The requirement of function primary indicates that for calculations, visualised data

must be accurately tied to estimations without middle-ware.

3.6.6.1 Data Mapping: Self tessellating spatial mapping solution

The system was first developed with a simple sampling database, which tracked all submitted

data to plot them on the map. A basic implementation was quickly found to be unusable

because most submission points overlapped and had a high degree of localisation inaccuracy.

Thus, the system must be capable of interpreting and processing data accordingly while

providing meaningful results. Additionally, it has been determined that fixed area mapping

is difficult; sampling the entire city at meaningful resolution is possible with traditional

mapping methods, but it would require significant processing power, and there are many

unused sampling areas, as cities do not neatly fit in rectangular areas.

The developed solution organically addresses all of those issues from the base model

implementation. The system uses a dynamically generated mesh to wrap the requested areas

with base data elements of a fixed size regardless of geographical position. The resultant

mesh is highly compact and only wraps areas with actual data, which also enables a system

deployment in any other city or even country with no changes to the mapping. This structure
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also enables cooperative system mapping, where multiple servers are responsible for their

own area but can synchronise the data together for the master server to provide access to

the full map, since the mathematical model to generate a mesh is fully predictable.

This solution also enables very quick selective queries for specific areas; the result has a

variable resolution that depends on a query, and boundaries can be drawn over the model

to separate the areas for precise sampling purposes. Due to the associative structure of the

model relative to each sample, queries can be performed for each selected time frame in the

area without requiring model snapshots.

Most importantly, the model enables a dynamically defined resolution and can accom-

modate varied samplings and associate them based on the data layer and to different model

depths if required while allowing a quick computation with only a linear relation to the data

access speed, as well as an exponential data density relation.

Such structure is much easier to visualise in terms of data relation, but its grid-less

structure creates issues with visualisations, which were solved during development and were

used as a graphical overlay for Google Maps in a web browser to show a data mapping to

commonly used map service in order to allow easy data browsing and validation.

The data sample associative process is complex in nature. When a sample is received,

the system associates it through the model to its required depth and expands the model if

necessary to accommodate it while ensuring that the model selection is valid. The sample

accuracy is also considered by a model, as it will define an area that this sample can poten-

tially affect. When a final level of model is reached, the currently active samples in a selected

area are compared, where the system decides whether the sample data must be set over other

associated samples, to finalise a selected area. The mechanism of data selection varies de-

pending on the associated data, but it primarily revolves around consideration of the sample

value and precision. Higher-precision samples are commonly considered over lower-precision

ones to associate in a model. When finished, a summary will be generated. However, all
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Figure 3.8: Sample Mesh of the Model

samples are recorded to the model as associative links to the area with a certain strength

to allow a consideration of other samples of the area, using a data processing algorithm

to obtain a finalised result or a time frame selection, where the samples can be retrieved

with their associated model and quickly compiled to the valid model for that particular time

frame. One does not have to store the sample for each case, though that is certainly possible

if the request times are critical.

The model uses an optimised set of mathematics to ensure a good performance when

attempting to map the data. Many critical components must be computed each time a

sample must be associated or found.
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Figure 3.9: implemented approach for data storage and mapping.

3.6.7 Model storage

3.6.7.1 Theory and structure

The data storage structure (layer zero for irregular icosahedron) enables an O(n) computing

time to access a specific node or area of nodes on the data model, where ‘n’ is the depth

with a sample density that increases by (20×4n) for each layer [68–70]. However, by reusing

data from the previous layer, a memory impact is lessened and only results in (20 × 3n),

which can be later optimised to (20×2n) if some data are omitted and generated on request.

The mentioned values are only true for fully tessellated layers. In practice, the system only

requires a fraction of the structure to cover a target area. Fig. 3.9 provides the flow chart

diagram of the implemented approach.

The fundamental property of the introduced model is its optimisation for radial selections,

where the data access and storage are optimised around circular areas, which suits perfectly

for application. Although any shape is technically supported, the original request must be

done with a circular area request.

A distinct hierarchical model is utilised for storage purposes, where each element may

51



contain another layer, and the system may tessellate future layers on any node in a model if

it was not tessellated. Using the relational storage, each node must contain: 3 distinct three-

dimensional vectors to form a triangle for the node and a node normal, which represents a

triangle centre. Each node receives a unique ID, which is used for data association, but only

the final layer of the model contains data association, and all other layers have summarised

associations, which update if the new associated data would alter them.

3.6.7.2 Practise

Unfortunately, the functional system does not follow the estimated values as strictly as

predicted. This is not a fault of the structure, but rather, the structure generally contains a

large volume of data, which results in storage solution, where the data are spread, and the

seek time is difficult to account for.

3.6.8 Model access

The model is accessed through a mathematical comparison, as the nodes cannot be linearly

addressed and arranged with spatial coordinates. Few techniques were used to ensure a

valid and functional data selection during normal usage, even with few specific corner cases

that may occur during system usage. It is noteworthy to mention that the accuracy of the

measurements can differ in especially in city centres with skyscraper. So, triangle meshes are

used to reduce the error of mapping especially with poor location measurements. Furhter-

more, it should be understood that the circular selection does not perfectly fit the triangular

grid, and special considerations must be considered. Hence, a supplied target radius has a

slight correction to ensure that the wanted elements are selected.

52





3.6.9 Data validation

To validate the received data in the server, the server acknowledges the receipt of the data

to the provider ID. This batch contains the necessary information about the received data,

with which the phone can verify the proper data transference.

3.6.10 Prototype Implementation

Through problem analysis and experimentation, several prototypes were developed to ensure

the best fitting result, but a few changes were applied to the common methodology to ensure

that the development time was reduced while maintaining a high resultant software quality.

3.6.10.1 Architecture

The prototype was unconventionally implemented, where the architecture was first designed

in a program after which the algorithms for interoperation were made. This process was done

to ensure that the supporting structure and the data to be stored could first be defined; then,

the retrieval and access methods were designed. This approach minimised the number of

prototype iterations, where a nearly complete structure was derived in the shortest possible

time. Most changes were added iteratively to accommodate various intermediate data, which

must be tracked and computed.

3.6.10.2 Experimental setup

The prototype was developed as asynchronous PHP and JS application, where two distinct

modules operate in tandem to allow a model access.

The designed test-bed is in use to collect the required data. We have 12 mobile phones

running, collecting and uploading data all over Sydney. The collected data is uploaded to

the server which runs the algorithm to extract locations and crowd density. The results of
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the analysed data are shown on the “MobiSensing” web page.

3.7 Conclusion

In this chapter, we presented the analysis of crowd estimation using Bluetooth in mobile

phones. The analysis investigates the probability function of the Bluetooth device detection

according to the distance and time for better estimation. Field measurements were used

to estimate the parameters of the probability function and validate the analysis. In this

approach, unlike most methods, the scanning node is mobile and scans the environment

while moving. There is also the possibility of having several nodes in the area while providing

some overlapped information. To model the system in this situation, we modelled the mobile

node in a one-dimensional environment and extended it to two-dimensional systems.

The main goal of this study is to provide a solution to use mobile crowd sensing and

integrate the data with the infrastructure. To reach this goal, a test-bed was designed and

implemented to collect the required information using an Android application and upload

the data to the central processing unit. The data are processed in the central server, and

the results are projected as a layer on top of Google Maps.
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Figure 3.12: Implemented system
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Chapter 4

Crowd Density Mapping Based on

WiFi Measurements on Train

Platforms

Crowd distribution is a challenging issue in the management and design levels. This chpater

provides a passive method to derive the crowd density distribution using WiFi measurements

on a real scenario. Six WiFi Access Points (AP) are deployed in the platform 2/3 of Redfern

station, Sydney to monitor the platform for a week. Based on the probability maps that are

built using RSSI measurements and prior knowledge, the crowd distribution is calculated

on the platform and its results are compared with distributions acquired from CCTV im-

ages. Final density heat maps are in good agreement with the acquired results from CCTV

cameras.
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4.1 Introduction

Understanding crowd behavior and its distribution is always a critical matter in terms of

planning, management and safety. To this end, one needs to detect people and map them into

the area to be able to determine the density and its distribution. There are several methods

to detect people such as CCTV camera images [71, 72], RFID tags [40], WiFi [13, 73–75] or

Bluetooth [4, 50] probing and etc. Analyzing the images of CCTV cameras can provide an

accurate estimation of the number of people in the area. However, the coverage of the video

cameras is limited and it’s not possible to install them anywhere. Moreover, processing the

images of the video cameras are computationally expensive. Using techniques such as reading

RFID tags, requires huge participatory of people to carry the tags around in addition to the

FRID readers installation. Meanwhile, pervasive existence of smart phones makes WiFi

scanning more suitable method in detecting people.

Using WiFi scanning raise two main challenges. First challenge is to provide an accurate

estimation of the number of people within the scanning range, considering the probability

of having unavailable or undiscovered WiFi nodes. To address this issue, we use the same

method of penetration rate described in chapter 3 for Bluetooth scanning. Second challenge

in using WiFi scans, is to locate the detected nodes and map it into the area to derive

the density distribution map. Researchers have been focused in localizing the node using

WiFi signals for the last decade. Most of the localization methods are based on the RSSI

measurements and channel modeling to estimate the location [58,76–78]. WiFi fingerprints,

which is another approach in localization, is also reading RSSI values in different points

and comparing the fingerprints with measured values [75, 79, 80]. These measurements are

usually done on the carrying device, such as mobile phones, to estimate the location of the

user. This approach is not applicable in crowd density estimation project, since the scanners

(WiFi Access Points) should collect data and locate the nodes. So, a similar approach is
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introduced to locate the nodes in the area using WiFi fingerprints.

Furthermore, using any of the introduced methods requires large number of data samples

to be able to locate the node properly. Thus, localization process becomes more challenging

with the limited number of measurement samples. People getting off the train are usually

walking fast to reach the gates as soon as possible. So, the detection and RSSI values can

be changed very fast during this time. All these will result in having a sparse data samples.

This chapter presents a method to estimate crowd density and its spatial distribution

based on RSSI measurements on WiFi access points on a train platform in Redfern station,

Sydney. To the best of our knowledge, this is the first time of using the measurements on

the APs to locate the nodes in the area. Considering the limited number of measurement

samples, a probabilistic method is introduced to create probability map instead of exact

fingerprint map to help locating the nodes and deriving the density distributions. The main

contributions of this chapter can be summarized as:

1. Localizing the nodes based on the received signal strength measurements on each AP

using probability map which is constructed based on fingerprint map

2. Crowd Density Estimation using multiple WiFi APs’ scans

3. Determining spatial distribution of the crowd using above steps

Understanding spatial distribution of the crowd relies on describing RSSI accurately and con-

quering with the non-gaussian noise from interference, reflection, and fading. The remander

of this chapter is organized as follows. Section 4.2 defines the problem and challenges that

should be conquered. Proposed solution is described in Section 4.3. Section 4.4 describes

the experiments and discuss outcomes of the research and final conclusion is presented in

section 4.5.

It should be noted that CCTV images along with WiFi scanning data is provided by

Sydney Trains on this project.

59



4.2 Problem statement

Ubiquity of WiFi technology and representation of specific characteristics in different situ-

ations made it a practical solution in crowd estimation and device localization. Leveraging

characteristics such as location-specific RSSI values enables one to determine the spatial

distribution of available devices. Although WiFi probes are very useful in detecting avail-

able nodes, locating the nodes while they are not engaged is quite challenging. To define

the problem, the scenario on the platform has been described and then the challenges are

specified.

4.2.1 Experiments and data collection

The experiments and data collection, have been done on a train platform (Platform 2/3)

in Redfern station, Sydney. Fig. 4.1 represents the test environment with a small cabin,

available seats, and six APs installed on the platform for scanning purposes. Part of the

platform that is covered with metallic shades are also indicated in Fig. 4.1. During the

experiment, the whole platform is divided into 1m×1m grids; which the centers are indicated

by dots. All APs scan the area continually and record timestamps and RSSI values for any

detected device. To satisfy privacy preservation, any individual node indicated with a unique

hash ID.

To determine crowd density, the easiest way is to count the number of available individual

devices appear in each AP as scans its coverage environment. However, there is a high chance

of missing a node due to packet collision, signal attenuation or blockage. Furthermore, a

recent feature on phones which enable them to create dynamically changing MAC addresses

can result in multiple detections of the same node over a specified period of time.
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Figure 4.1: Test environment and problem statement.

4.2.2 Spatial-Temporal variation of signal

Recorded RSSI values are the main characteristics to localize a node. However, the received

value of signal strength can vary in time due to various reasons such as blockage, OS of

the devices, and battery level of the device. Furthermore, WiFi security and power saving

approaches results in a very spars data; specially, on the peak hours while people are in rush

and moving fast. According to the WiFi protocol, while an AP listens to the probe requests

coming from the devices if the device receives reply from an AP, it will initiate association

process. Otherwise, it will go to sleep mode for a random period. This process causes issues

in localizing the nodes due to the detection intervals.

4.3 Proposed approach

Realizing an estimation of crowd distribution can be divided into two steps. First step is to

have an understanding of the number of nodes in the platform. Then, location of each node
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should be determined to map it on the platform.

4.3.1 Localization

As mentioned, each AP listens to the probe requests of devices and by hearing the request,

records RSSI values of the receiving packets. To find the location of a node based on the WiFi

signal measurements several methods have been introduced. Use of fingerprint map based

on prior measurements is one of the promising techniques [81–84] [85]. In this technique,

WiFi signal will be measured in the space time domain and then, new measurements will

be compared to the recorded values to estimate the location of the node. In this section,

the WiFi signal fingerprint map construction approach and its issues on dealing with limited

sample numbers of data will be discussed. Therefore, a new approach will be introduced

to minimize the uncertainty of fingerprint map based localization in dealing with a sparse

dataset.

4.3.1.1 Fingerprint and Probability map construction

The experiments on this project was based on passive scanning process [4] which results in

a sparse set of data specially during rush hours; while people are trying to reach out or get

into the train as soon as possible. Considering the average speed of people during these

hours and WiFi random back-off protocol the number of samples that can be recorded are

limited. The limited number of data leads to a very challenging issue in terms of localization

and node mapping.

Given a set of APs, AP = {AP1, AP2, AP3,..., APN} where N is the number of APs in the

test field F ⊆ R2. The field, F , is divided into 1m× 1m grids and large number of received

signal strength samples is recorded in each AP from a device on the cell, Cij. Where i and j

are indicators of row i and column j in the grid. So, the signal signature of any WiFi device

on each cell can be described as Signature(Cij) =
{
S1
ij, S

2
ij, ..., S

N
ij

}
. SNij represents recorded
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signal strength on APN from a device at cell ij. Assuming the receiving signal from cell i

and j in AP N as

xNij = SNij + n (4.1)

Where SNij is the actual value of the receiving signal and n is a spatially uncorrelated

zero mean Gaussian noise. The probability of the location can be formulated as a Gaussian

probability:

Pr(Lij | xNij ) =
1

σ
√

2π
exp(

1

σ2
‖ xNij − SNij ‖2) (4.2)

During this project, we assume that the node k is on a 2D environment and its position

at time t can be described as Xk
t =

[
xk yk

]T
which is mapped to the center of cell that

it’s associated. Assuming that the average value for signal strength can be measured from

any AP within each cell. Then, we have a tensor describing WiFi RSSI measurements within

each cell. To determine the position of each node, we define the probability function of the

position as f(Xk
t = xkt ). Thus, considering the measurements of each AP and assuming that

measurements are i.i.d, the probability of having the node in cell Cij will be

f
(
Xk
t = Cij | measurements

)
=
∏N

l=1
f
(
Slij | xij

)
(4.3)

Having measurements for device k at time t as zkt , we aim to estimate node’s position,

x̂kt , for the state xkt . Thus, the system can be modeled as follows; using particle filters:

xkt = g
(
xkt−1, w

k
t

)
(4.4)

zkt = h
(
xkt , v

k
t

)
(4.5)
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Where g (·) is the transition function from state xkt−1 to xkt and h (·) is the measure-

ment function. wkt ∼ N (0, Q) and vkt ∼ N (0, R) are noise with covariance matrices

Q = diag
(
σ2
x, σ

2
y

)
and R = diag (σ2

1, ..., σ
2
N), respectively.

Deriving the fingerprint map based on the experiments helps to determine locations more

accurately. However, localization with this method requires enough number of measurements

due to temporal variation of the RSSI measurements. To overcome this issue, probability

map is introduced. Using this method, a probability will be assigned for every measurement

and the expected value for each cell will be calculated using assigned probabilities.

It is noteworthy to mention that in this map, the grids that are blocked with different

obstacles will receive the value of zero as the probability of existence.

4.3.2 Leveraging prior knowledge

As mentioned above having limited number of samples of received signal strength poses

tremendous challenges in finding the location of each node. Leveraging prior knowledge can

help to compensate the lack of samples. To acquire this knowledge, the platform is monitored

for a day. It is noted that people trying to avoid the middle of platform due to the obstacles

such as pillars and seats. They also tend to stay on the side that train stops. However,

some try the other side of platform for faster walk. Considering all these observations, the

distribution on the X-axes of the platform (as illustrated in Fig. 4.1), according to the trains’

timetables, can be modeled using Gaussian mixture model with variable variance values as

shown in Fig. 4.2.

f(x) = (1− α)g1(x) + αg2(x) (4.6)

Where gi(x) = φθj(x), θj = (µj, σ
2
j ).

On the other hand, people form a nearly uniform distribution as reaching the concourse
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Figure 4.2: Distribution on the X axes of the platform.

as shown in Fig. 4.3. This phenomena can be modeled by defining variance of the Gaussian

mixture model as a function of Y-axes (distance from concourse). So, a multi-dimentional

model obtained which provides the distribution of the platform.

f(x) =
∑K

i=1
αig(x | µi,Σi) (4.7)

g(x | µi,Σi) =
1√

(2π)k | Σ |
× exp

(
−1

2
(x− µi)

T Σ−1i (x− µi)
)

(4.8)

where α is the weight and g is the Gaussian distribution with mean of µ and standard

deviation of Σ. This probability function is used to adjust the final probability map of crowd

distribution aiming for better accuracy.

4.3.3 Crowd estimation and crowd distribution

The most straightforward method to estimate the crowd around each AP is to run a scan for

any nearby device and assuming that each discovered device is indicating a person within a

given radius. However, even with this assumption, device detection is a function of random
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Figure 4.3: Distribution on the concourse entrance.

variables due to synchronization and signal propagation with distance and there is a possi-

bility of miss-detection. Furthermore, considering real world situation, this method may not

be accurate due to undiscoverable devices. To take undiscoverable devices into account, we

define penetration rate (ρ) as the ratio of discoverable devices to the total number of people

within radius R. This ratio would be obtained through field experiments.

ρ ,
Number of people with discoverable Bluetooth devices

Total number of people
(4.9)

Considering the probability of having a node in cell i and j, the expected value of the

number of people in each cell is determined as

E(Number of people) =
M∑
i

1 Pr(Lij) (4.10)

4.4 Experiments

The experiments are done on platform 2/3 of Redfern station, Sydney. Fig. 4.4 provides

layout of the platforms in the station. Sydney Trains provided facilities and managed data
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Figure 4.4: Map of Redfern train station [https://www.triposo.com/poi/N 603520919].

collection on the platform during the experiments. The experiments were divided into two

sections. In the first section, we have recorded data to extract fingerprints and probability

map of the platform. As it is clear, there is a small gap between platforms, around 13 meters

. Therefore, adjacent platforms (1 and 4/5) also considered during the experiments and

initial data collection. Then, CCTV images and WiFi data is collected for a week to provide

and estimate the crowd density map. Final results are compared with the results of CCTV

images to validate the approach.

4.4.1 Fingerprint map extraction

To drive the fingerprint map for the platform and considering our limited access to the data

collection systems, we have to design series of experiments to derive the RSSI values at

the center of the grids as described in Fig. 4.1. To collect RSSI values, three participants

with six different mobile phones followed predefined rules. Each person had a Nexus 6p

and one other phone (Samsung, Apple, Sony). The platform divided into three sections for

the measurements and defined different paths for each person as shown in Fig. 4.5. Each

person followed the defined path while standing steady at the centre of each cell for a minute.
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Figure 4.5: Grids and paths during the experiments for fingerprint map.

This process enabled us to record enough data samples to extract the fingerprint map of the

platform.

When we collected the data provided by Sydney Trains (according to the defined rules

and recorded timestamps) we extracted the averaged RSSI values for each point aiming to

build the fingerprint map. Fig. 4.7 shows the averaged values of measured RSSI for each

person from all the six APs. As mentioned, each person follows a specific defined rules

during this stage. So, the measurement can be verified based on the patterns of change

and its values according to its distance from each AP. Then, considering AP positions and

defined paths for each participant, the fingerprint map formed using the average values of

measurements to build the fingerprint map for each AP through the platform.

Having new measurements, the probability map for each node is calculated regarding each

AP as illustrated in Fig. 4.6. The probability map is created based on the probability of being

in different cells according to the fingerprint map. Considering the fact that measurements

from each AP is independent from each other, all the probability maps are combined and
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Figure 4.6: Positions of APs and the probablity stack to build probability map.

the expected number of people for each grid as described in (4.10). Finally, the density map

is calculated according to the estimated numbers for each cell.

4.4.2 Density map extraction

CCTV images and WiFi probing data were collected for a week from the platform. The

CCTV images are used as ground truth to extract the penetration rate (ρ) by counting the

number of people within one minute window and matching it with the number of detected

MAC addresses. Comparing both data, the penetration rate is calculated as one device per

four person on the average (ρ = 4).

To extract the density map, the probability map for every detected node is calculated

regarding each AP and the final probability map is created for each node. Then, all the

probability values formed the final density map for one minute set of measured data. Finally,

using KNN (K-Nearest Neighbors) method the final heat map is generated for every minute.

Fig. 4.8 shows samples results for the crowd distribution and density map on the platform at
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four different time stamps on 27 June 2017. According to the definition provided by Sydney

trains, more than five persons in a square meter considered dangerously crowded. So, the

density heat map reflects these values by assigning blue to zero (no one in a cell) and red to

having six people in a cell.

Fig. 4.8(a), (b) and (c) shows three continuous intervals at 16:01, 16:02 and 16:03,

respectively. The changes of the crowd distribution in the platform before, during and after

train arrival can be seen. In Fig. 4.8(c) and (d) nearly uniform distribution of the crowd

density also can be noted near the concourse. Another interesting point that can be seen in

Fig. 4.8 is the fixed high density cells on the sides of the platform which are indicators of

train doors.

The analysis results are compared with the results of analysis of CCTV images. Using

deep learning method, the machine is trained to identify people and extract the density

based on the number of people within a square meter. Fig. 4.9 shows the crowd density

analysis using CCTV images at 16:02, 16:03 and 16:31. Comparing Fig. 4.9(a) and (b)

with Fig. 4.8(b) and (c) that show the results for 16:02 and 16:03, respectively, proves that

both are following similar patterns in terms of density distribution. Fig. 4.9(c) represents

the distribution for 16:31 to compare with Fig. 4.8(d), as well. Although the results are

acceptable, considering the resolution of data in both approaches but there is a chance for

discrepancy due to the missing data. WiFi detection is highly depended on the number of

available devices and the quality of images and camera placement plays an important role

in counting people and estimating their locations.

4.5 Conclusion

In this chapter, an experimental evaluation of WiFi crowd estimation and a new approach

in estimating its distribution over the platform 2/3 in Redfern train station, Sydney is pre-
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Figure 4.8: Crowd distribution on the platform 2/3 of Redfern station. (a) 27 June 2017 at
16:02 (b) 27 June 2017 at 16:03 (c) 27 June 2017 at 16:31 (d) 27 June 2017 at 17:00
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(a)

(b)

(c)

Figure 4.9: Crowd distribution based on CCTV images. (a) 27 June 2017 at 16:02 (b) 27
June 2017 at 16:03 (c) 27 June 2017 at 16:31
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sented. A probability map based on RSSI measurements and prior knowledge is constructed

which is used to determine the location of new nodes and measurements. Final results are

compared to the density maps extracted from CCTV images during same period and proves

a good accuracy. However, it is noteworthy to mention that both methods have there own

shortages. Image based techniques rely on having high quality images and camera deploy-

ment in proper angle of view. For example, during the experiments, we experienced a direct

sun light turning aquired images unreadable. WiFi measurement accuracy is also limited

due to miss detection and security measures such as dynamic MAC addresses. Thus, a com-

bination of both techniques can cover all possible shortcomings and help to provide more

accurate density maps.
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Chapter 5

Crowd Estimation Using

Electromagnetic Wave Power-Level

Measurements

Current crowd density estimation technologies that leverage IR depth perception, video and

image processing or WiFi/BLE-based sniffing and probing have privacy and deployment

issues. This chapter presents a novel method for crowd density estimation that monitors

variation in Electromagnetic (EM) radiation within an environment using a combination of

advanced metamaterials and analytics to create a crowd density estimation detector.

5.1 Introduction

The rapid growth in urban populations demands new methods for managing crowds. How-

ever, crowd density estimation has proven to be very challenging due to various issues, such

as privacy and infrastructure availability. Various techniques have been introduced and in-

vestigated recently, which can be categorized as “device-based” and “device-free” techniques.
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The image-based and signal-based strategies explored in the previous chapters have the

inherit problem of privacy. In image processing and IR-based approaches, captured images

can be associated with individuals to identify and track them. Likewise, wireless probing

techniques suffer from potential privacy issues with the current WiFi and BLE implementa-

tions that allow for a unique fingerprint of a device —and hence the owner of the device—

to be created.

Recent advancements in the underlying technologies required to detect and measure the

existence of dominant EM waves provide a means of developing a unique form of crowd

density estimation in any environment that can address the privacy and deployment issues

described above. When measuring the EM energy in an environment, any object introduced

into the measured environment directly affects the amount of EM energy observed within

the environment. The human body is on average 60% water, which has an effect on the

amount of EM radiation within the environment. Measuring the effects of humans on the

current environment and comparing them with the expected models of behaviour enables an

estimate of the number of individuals to be determined. Importantly, the proposed method

is privacy-friendly, as no unique identifier is obtained. Furthermore, this strategy does not

require line-of-sight detection and can be placed in subtle locations.

5.2 Theoretical background

With the advent of new wireless technologies, our world is filled with EM waves, and any

object has an effect on the level of measurable EM energy at each frequency. The human

body is a complex organism with plenty of oxygen, carbon, and hydrogen [86]. These el-

ements, in combination with many other elements, such as calcium, sodium, magnesium,

and phosphorus, build a system with many different types of characteristics and properties.

Thus, this lossy dielectric, the human body, absorbs part of energy while transmitting it.
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This section describes the units of absorption and models to be used in the study.

5.2.1 Units of absorption: SAR and ACS

To measure the absorption, the measurement units should be defined first. One of the main

quantities to consider is the specific absorption rate (SAR). The SAR, defined in Eq. (5.1),

quantifies the amount of electromagnetic power that is absorbed per unit mass.

SAR =
Pabs
m

(5.1)

Pabs and m represent the absorbed power and body mass, respectively.

There is an alternative quantity that represents the amount of absorbed power by the

whole body and is known as the absorption cross-section (ACS) [87]. Eq. (5.2) defines the

ACS (σa) according to the absorbed power, Pabs, and power density, Sc.

σa =
Pabs (W )

Sc
(
W
m2

) (5.2)

Combining Eq. (5.1) and (5.2), the ACS can be calculated using the SAR as follows:

σa =
SAR×m

Sc
(5.3)

5.2.2 Absorption by tissues: dielectric relaxation and the response

of dielectrics to time-varying fields

The absorption of electromagnetic energy in the human body is a complicated problem due

to the multiple layers of tissues. Thus, the human body can be modelled as a lossy dielectric

with a complex permittivity. Applying an electric field to a dielectric, the material takes a

limited amount of time to polarize [88]. Consequently, this lag will cause phase differences
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between the field and polarization, which result in loss and attenuation of a wave traveling

through it.

This property of the dielectric can be described as the penetration depth. The penetration

depth, δ, is the depth that the amplitude of the wave is decreased to 1
e

of its initial amplitude.

In a good conductor, the penetration depth is defined as follows [89]:

δ =

√
2

ωσµ
(5.4)

where ω = 2πf , σ is the conductivity and µ stands for the permeability. The dependence

of the penetration depth on the frequency determines one of the important parameters in

our study. For example, the penetration depths for dry skin, infiltrated fat, and muscle as a

function of frequency were calculated in [90]. For dry skin, fat and muscle, the penetration

depth was calculated to be 2.5 m, 1.3 m and 0.8 m at 1 MHz and 1.4 mm, 3.9 mm and 1.3

mm at 20 GHz.

5.2.3 Absorption by the whole body

The specific absorption ratio is calculated using full-wave simulations with complex voxel

models. Many such models of the human body have been developed for medical, biomedical

and radiation investigation purposes [91–96]. In this research, we have used the family voxel

model for simulation and SAR calculations.

Although various factors should be taken into account in estimating human body effects

on the level of available EM energy, considering the proposed application, we have simplified

it by only considering the absorption as a function of height and mass. These two param-

eters can be indicators of the few other related parameters, such as body surface area, an

estimation of body fat and body water. Thus, using these two parameters can provide a
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(a) (b)

Figure 5.2: (a) Simulation environment with the male model. (b) Positions of the model
during the simulation.

of 4× 4× 4 m3 is chosen as the simulation environment, which helps to control the available

power inside a Faraday cage and results in accurate measurements. Moreover, a voxel family

model is used during simulations to simulate body effects on the signal. Fig. 5.2 shows the

simulation environment with the male model and its positions during the simulations.

Frequencies with maximum absorption values are chosen in the presence of the human

body model to simulate the effects of the human body. To obtain an understanding of the

EM wave energy distribution, the E-field distribution at 60 MHz and 2 GHz in the proposed

room is simulated, and the results are shown in Fig. 5.3. At 2 GHz, the wavelength is

14.99cm, which is small compared to the room dimensions. This resulted in a significant

amount of peaks and holes and consequently a complicated field distribution. However, at 60

MHz, the wavelength is ∼ 5m, providing a more uniform and stable distribution of the field

inside the room. Moreover, at 2 GHz, the wavelength is comparable with body dimensions,

and thus, any small body movement results in field distribution disruption and makes the

measurements more challenging.

Noting the field distributions, the receiver antenna placement is also an important factor

in available power measurements, specifically in a metallic room. The electromagnetic waves
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(a) (b)

Figure 5.3: E-field distribution in the room at (a) 60 MHz, and (b) 2 GHz.

produce peaks and holes due to the reflection in the environment, which can occur due

to the introduction of various types of objects (including human body). Thus, in order

to measure the absorption and changes in the level of RF energy, there is a need to have

multiple antennas to measure the average energy level.

5.3.1 Simulation results

A series of simulations have been conducted based on numerical solutions using Comsol as

follows:

• People’s positions and their effects on the field distribution: one person in the room in

various positions at 60 MHz and 2 GHz.

• Effects of the number of people on the E-field distribution and value.

• Effect of different human bodies: males, females, and children.

5.3.1.1 Effect of various positions on the field distribution

In the first step, a male body is inside the room in the positions illustrated in Fig. 5.2,

simulated at 60 MHz and 2 GHz. The simulated E-field distribution for both resonance
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I
(a) (b) (c)

II
(a) (b) (c)

Figure 5.4: E-field distribution at two resonance frequencies, 60 MHz (section I) and 2 GHz
(section II), with one person at three different positions. (a) Position 1. (b) Position 2. (c)
Position 3.

frequencies is shown in Fig. 5.4. At both frequencies, a male model is placed in positions I,

II and III in the series of (a), (b), and (c) in Fig. 5.4, respectively. The differences between

distributions can be clearly seen in different positions at both frequencies. At 2 GHz, the

E-field distribution changes significantly with position changes due to the small wavelength.

However, at 60 MHz (row I), the E-field and, consequently, Radio Frequency (RF) energy

are distributed nearly uniformly and are more robust to position changes, making the mea-

surements more reliable. It is noteworthy that in order to have a proper measurements and

estimation, the average changes in the available RF energy level are required. Thus, one

receiver antenna cannot be used in the measurements since it only measures the receiving

signal levels. Therefore, choosing 60 MHz as the main test frequency, multiple antennas

should be deployed in various planes to provide proper measurements during simulations

and experiments.
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(a) (b) (c)

Figure 5.5: Body type effects. (a) Male. (b) Female. (c) Child.

5.3.1.2 Effect of body type and size on the field distribution and its values

As mentioned above, the human body is a very complex medium, especially considering

different genders and ages. Thus, body type and size are important factors in estimating

crowd density using RF energy measurements. To model these effects properly, we have

considered three main body types, male, female and child, in the simulations. Fig. 5.5

represents the results of simulations for the three body types. The resulting field distribution

demonstrates the need for having multiple antennas during the measurements. Using the

probe, the energy levels in the planes are measured for each simulation.

5.3.1.3 E-Field distribution and its average value in the presence of different

numbers of people

The ultimate goal of the proposed approach is to estimate the number of people and possible

detection of the body type. To this end, a series of simulations with different numbers of

people and various body types are considered, and the average RF energy levels are measured.

Table 5.1 shows the average values for various scenarios. The averaged available RF energy

in the room, AKA the reference energy, is normalized to zero dBm. For an average male

body, the average energy drops to -0.65 dBm. For an average female body, the RF energy

level is similar to the that of the male body, -0.65 dBm.
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Number of people Average RF energy (dBm)

0 0 0
1 Male -0.65
1 Female -0.65
1 Child -0.4
2 1 Male + 1 Female -1.1
2 1 Male + 1 Child -0.8

Table 5.1: Simulation results for different numbers of bodies with various body types.

5.3.2 Experimental evaluation

The proposed approach is backed up by designing a series of experiments inside an elevator

cabin. The elevator cabin is chosen due to its metallic case, which works as a Faraday

cage and provides a controlled environment. As mentioned above, a frequency of 60 MHz

is selected for the test. The wavelength in this frequency is comparable to the dimensions

of the elevator cabin and human body, and thus, the recorded energy levels are more stable

during position changes. In the experimental setup, a transmitting antenna along with a

software defined radio unit (HackRF One) is used to provide a steady level of RF energy.

Other HackRF One units and a Rohde & Schwarz FSH8 (R&S) handheld spectrum analyser

is used to measure the signal levels inside the room.

Fig. 5.6 shows the experimental setup. During each experiment, ten measurements were

collected with defined positions for antennas and subjects (i.e., the people being measured).

Then, the position of subjects were changed, and the measurements were repeated.

Four people with different body types—three males, a female —took part in the mea-

surement tests.

Table 5.2 presents the average level of measured RF energy per person. Inside an empty

room, an average value of -19 dBm was measured initially. The measurement results for

different scenarios follow the trend of the simulations reported in Table 5.1, proving that the

proposed approach could be used to estimate crowd density.
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Figure 5.6: Experiment setup.

Number of people Average RF energy (dBm)

0 0 -19
1 Male -20.2
1 Female -20.3
2 Male -21.2
2 Female -21.2
2 1 Male + 1 Female -22.4
3 2 Male + 1 Female -24
3 3 Male + 1 Female -25.3

Table 5.2: Average level of measured RF energy per person.
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5.4 Conclusion

In this chapter, a new method for crowd estimation using EM measurement levels has been

presented. The proposed approach is investigated through simulation and experiments. The

experimental results confirm an approximately 0.8dB drop in the average signal level.

As mentioned above, the average level of RF energy should be measured to provide

accurate measurements and estimation of the crowd. In this chapter, multiple antennas

are used during the measurements. However, using multiple antennas and averaging the

measured values can be costly and not accurate. Therefore, having a device that can provide

the average energy level with a lower cost would be worthwhile. To this end, we leverage

metamaterial properties and design a metamaterial perfect absorber to measure the average

value of the available RF energy.
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Chapter 6

Low-Frequency Metamaterial

Absorber Using Space-filling Curves

In the previous chapter, a method of crowd estimation based on changes in electromagnetic

energy levels was introduced. The accuracy of the estimation is directly related to the accu-

racy of the energy-level measurements. Furthermore, using antennas for the measurements

can only measure the signal levels at one point. Thus, understanding the changes in the

energy levels requires a large number of measurements and averaging the measured energy

levels.

Metamaterials, due to their unique characteristics, are used in various applications, such

as invisibility cloaks [98–101], super lenses [102,103], and sensing devices [104–106]. Among

various types of metamaterials, absorbers are good candidates to be used as energy measure-

ment sensors. The key point of using metamaterial absorbers for measuring the EM energy

level is that they can be fabricated to provide a large surface, and an accurate measure-

ment of the average available power can be obtained. Metamaterial absorbers can absorb

100% of the electromagnetic energy which enables detection of slight changes in the level of

electromagnetic energy.
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This chapter provides an overview of the physics behind metamaterials and metamate-

rial absorbers. It also provides a short description of various techniques introduced in the

previous designs. Furthermore, a design of a compact absorber using space-filling curves is

introduced as a solution of providing low frequency absorbers.

6.1 Introduction to metamaterials

In 1999, Rodger M. Walser from the University of Texas Austin introduced the term ”meta-

material” to describe “Macroscopic composites having a synthetic, three-dimensional, pe-

riodic cellular architecture designed to produce an optimized combination, not available in

nature, of two or more responses to specific excitation” [107,108]. However, recent research

has proven that metamaterial structures are not restricted to periodic cellular architectures,

and non-periodic structures also can offer metamaterial properties. Fig. 6.1 illustrates some

of the initially introduced metamaterial designs [109,110].

Metamaterials with a sub-wavelength unit cell size can be described using the effective

medium theory [111]. Thus, a material can be characterized by its electric permittivity (ε)

and magnetic permeability (µ). Considering the thinnest material in nature, free space with

permittivity of ε0 and permeability of µ0, the characteristics of a material can be described

using its relative permittivity and permeability, defined as εr = ε
ε0

and µr = µ
µ0

, respectively.

For a long time, metamaterials, Left-Handed Materials (LHM), Negative-refractive Index

Materials (NIM), Double-Negative Materials (DNG), and backward-wave materials have

been used interchangeably. However, they represent different meanings in practice. At

present, metamaterials can be interpreted as a large umbrella that covers all the materials

that cannot be found naturally, and each point in the ε − µ domain represents specific

properties. For example, the point ε = −ε0 and µ = −µ0 indicates anti-air in the LHM region

that can produce a perfect lens. Materials with µ = 0 and ε = 0 are also called µ-Near Zero
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(a) (b)

Figure 6.1: Periodic and non-periodic metamaterials. (a) Periodic structures [109]. (b)
Non-periodic structures [110].

(MNZ) and ε-Near Zero (ENZ) materials, respectively. The line ε = µ in both the Right-

Handed Materials (RHM) and Left-Handed Materials (LHM) regions defines the impedance-

matching materials, resulting in no reflection, known as absorbers. Metamaterial absorbers

have been proposed in a wide range of applications such as the absorption of undesired

frequency [112], solar cells [113], thermal emitters [114] and optical switches [115,116].

Natural materials usually have permeability µ0 and permittivity greater than ε0. Meta-

materials take a step further by enabling designers to realize all possible material properties.

Fig. 6.2 represents the possible properties for isotropic and lossless materials in the domain of

permittivity and permeability. The first quadrant, in which the permittivity and permeabil-

ity are greater than zero, corresponds to Right-Handed Materials. Right-handed materials

support forward-propagation waves and can be described with Maxwell’s equations, electric

field (E), magnetic field (H) and wave vector (k). The second (ε < 0 and µ > 0) and fourth

(ε > 0 and µ < 0) quadrants represent electric and magnetic plasma environments, respec-

tively, and both support evanescent waves. Left-handed materials (LHM), introduced by

Veselago [117], are shown in the third quadrant, where ε < 0 and µ < 0.

Most natural materials have a magnetic permeability of µ = µ0 and electric permittivity

of ε ≥ ε0. This feature is shown as a line in the first quadrant of Fig. 6.2. Furthermore,

natural electric and magnetic plasma can be rarely found, characterized in the second and
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Figure 6.2: All possible properties of materials [108].

fourth quadrant of the Fig. 6.2. Meeting any other characteristics for permittivity and

permeability requires an accurate realization using metamaterials, even for RHM.

6.2 Left-Handed materials

Effective medium theory suggest that the description of electromagnetic properties of any

given material can be done by its electric permittivity (ε) and magnetic permeability (µ).

These properties are used to describe and predict electromagnetic phenomena within a ma-

terial or at the surface between two materials such as refractive index. Snell’s law states

the relations between the angles for incident and refracted or transmitted waves, which is

mainly known as the refractive index and defined as n = −√εµ. Veselago, in 1967, analyt-

ically determined the reverse refraction of light at the interface of a material with negative

refractive index and conventional refractive index, as shown in Fig. 6.3(a). This extraordi-

nary material was realized in theory by Veselago but ignored for decades. In 2000, David R.

Smith introduced a class of materials by depositing a structure onto a circuit-board substrate
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(a) (b)

Figure 6.3: (a) Refraction in LHM. (b) The negative-refractive-index material introduced by
Smith et al. [118].

Figure 6.4: Right-handed and left-handed coordinates and EM fields.

consisting of a series of thin copper split-rings and ordinary wire segments strung parallel to

the rings [118]. Fig. 6.3(b) represents the structure introduced by Smith et al.

The interesting phenomena of negative refractive index introduced a new direction for

research and applications in the field of microwave theory. Considering the negative per-

mittivity and permeability in the material, Maxwell rules should be adjusted since the com-

bination of electric field (E), magnetic field (H), and phase vector (k) does not follow the

right-handed coordination system anymore. Thus, having a wave in a material with nega-

tive refractive index, it propagates in the reverse direction. This feature that is illustrated

in Fig. 6.4 enables sub-wavelength imaging by making resolution below the diffraction limit

possible.

The reverse-propagation feature of metamaterials also offers a flat surface, in contrast
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Figure 6.5: Conventional SRR. [119]

with conventional materials, which are usually curved. This flat structure can be achieved by

implementing an LC resonator as a cell. In the resonance frequency, the system represents

an abrupt change in the imaginary value of the impedance, which is interpreted as the

metamaterial properties. Split-ring resonators (SRRs) are one of the early designs that

provide the LC resonators [119]. Fig. 6.5 shows two conventional SRRs and their equivalent

circuits. The top metallic layer of the structure is responsible for the electric response of the

system, whereas the anti-parallel current between top and bottom layers plays the role in

its magnetic responses. Thus, understanding the structures such as conventional SRR and

effective parameters of the design lead the designer to manipulate the unit cell to resonance

at the desired frequency.

As mentioned above, metamaterials offer lots of applications due to their specific charac-

teristics. The following section of this chapter provides an overview of the physics behind the

design of metamaterial absorbers and discusses various techniques that have been introduced

in designing these absorbers. Metamaterial absorbers were initially introduced to offer an

alternative solution for ferrite absorbers, which are heavy and have a considerable effect on

the other part of system. Recently, new applications for metamaterial absorbers have been

introduced by researchers. Remarking the efficiency of metamaterial absorbers in scavenging

waves, sensing is one of the applications that have drawn much attention recently.
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6.3 Principles of metamaterial perfect absorbers

The realization of high-efficiency unity absorption using metamaterials was first illustrated

by Landy et al. [120] by adjusting the real and imaginary parts of the permittivity ε(ω)

and permeability µ(ω) to perfectly match the impedance of free space. Thus, the incident

electromagnetic wave can be absorbed perfectly and dissipated. Such features of a Metama-

terial Perfect Absorber (MPA) motivated the researchers to use it in various applications in

different areas, such as thermal emitters [114] and optical switches [115,116].

The effective impedance of the MPA is a function of its electric permittivity, ε(ω), and

the magnetic permeability, µ(ω), where both are also functions of frequency, f, and the

material properties. Anti-parallel surface currents between the metal layers that define the

permeability are responsible for the magnetic part of resonance. The surface current on top

layer of structure expresses the permittivity, which stands for the electrical part of resonance.

Thus, according to the impedance-matching theory, the effective impedance of an MPA can

be adjusted to match the impedance of free space . The effective impedance of an MPA can

be calculated as follows [121]:

Z (ω) =

√
µ (ω)

ε (ω)
=

√
(1 + S11 (ω))2 − (S2

21 (ω))

(1− S11 (ω))2 − (S2
21 (ω))

, ω = 2πf (6.1)

Then, to match it with free space, we should have Z (ω) = 1.

6.3.1 Absorption ratio

Typically, the transmission and reflection ratio of any surface can be determined by applying

the Fresnel equations or using measurement instruments. However, there is not any straight-

forward solution for measuring the absorptivity of a surface. Thus, a specific approach is

introduced to calculate the absorption ratio based on transmission and reflection measure-

ments. Eq. (6.2) represents the absorption ratio of an absorber, which has been derived
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from Fresnel equations [122],

| A(ω) |= 1− | S11 |2 − | S21 |2 (6.2)

where | A(ω) | stands for the absorption ratio and S11 and S21 are scattering parameters

of reflection and transmission, respectively.

Absorbers are designed to catch all the possible electromagnetic waves. For this purpose,

a continues ground plane is usually used to block any transmission. Therefore, the trans-

mission is nearly zero (| S21 |→ 0), and consequently, the absorption ratio can be simplified

as [122]

| A(ω) |= 1− | S11 |2 (6.3)

6.4 A brief history about absorbers

In 2008, Landy et al. introduced a two-layer PCB as the first metamaterial-based unity

absorption structure [120]. As shown in Fig. 6.6, the structure consists of two metallic layers

on both sides of the substrate. The top layer of the structure is an Electric Ring Resonator

(ERR) with a cut wire on its bottom layer providing electric and magnetic responses. The

magnetic response in the system is the result of coupling between the mid wire of the ERR

and cut wire on the bottom layer. Landy’s work introduced a new area of research with a

wide range of applications targeting absorption of undesired frequencies [112] and sensing

applications [123].

There has been much effort to customize MPAs for different applications. Different meta-

material applications have distinctive requirement based on their limitation. The size of the

structure, frequency bandwidth, and ability to catch a signal with different polarizations and

incident angles are some of the most important characteristics during the design procedure.
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Figure 6.6: MPA structure proposed by Landy [120]

Furthermore, in some applications, such as energy harvesting, there are especial require-

ments such as wider bandwidth to maximize the absorption. Thus, changes in conventional

structures are needed. Below, some of the presented solutions to eliminate specific requisites

are reviewed.

6.4.1 Size of structure

One the main challenges in the design of MPAs, especially in lower frequency bands, is the

size of the structure. The structure size of a metamaterial unit cell is directly relevant to

the desired wavelength. To scale down the size of metamaterials, various methods have been

proposed. These methods can be classified into three main categories. The first category is

manipulating the shape of the structure and aims for longer effective electrical length within

a compact structure. The second method is to use lumped elements in the designs to change

the capacitance and inductance values of the system. The third technique is to use air gaps

to increase the effective capacitance of the system.
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(a) (b)

(c)

Figure 6.7: Unit cell size miniaturization via manipulating the effective electrical length of
the structure [124–126].

6.4.1.1 Manipulating effective electrical length

Increasing the effective electrical length of the structure leads to the stimulation of lower

frequencies in the system. In this regard, Yoo et al. presented a snake-shaped MPA, shown

in Fig. 6.7(a), to decrease the size of the unit cell compared to the wavelength (75 cm) [124].

Recently, fractal-based structures have been used to decrease the size of the absorber’s unit

cell. For instance, Fan Y. et al. proposed a structure based on a Minkowski curve (Fig.

6.7(b)) to design an absorber that is small compared to the wavelength [125]. In another

approach, Yanbing Ma at al. used Sierpinski fractals in a THz regime targeting to miniaturize

the dual-band metamaterial absorber [126]. His proposed structure is shown in Fig. 6.7(c).

6.4.1.2 Systems with loaded lumped elements

Using lumped elements is another technique that has been used to to reduce the size of the

metamaterial absorber unit cell. As discussed above, metamaterials are characterized based
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(a) (b)

(c)

Figure 6.8: MPA miniaturization using lumped elements. (a) Lumped capacitors used in
[127]. (b) Lumped resistors used in [128]. (c) Lumped elements use along with air gaps
in [129].

on the capacitance and inductance values that the structure represents. Adding lumped

elements and embedding them in the structure help to manipulate the values of the equivalent

capacitance and inductance and thus shift the resonance frequencies. In this regard, Khunyen

et al. in [127] used capacitors along with vertical inter-connectors to reduce the size of

an MPA unit cell in a VHF band, as shown in Fig. 6.8(a). [128] added resistors into the

structure, as shown in Fig. 6.8(b), and proved the use of lumped resistors in MPA to improve

the absorption ratio and to increase the bandwidth.

6.4.1.3 Capacitance manipulation using air gaps

In another approach, researchers tried to manipulate the characteristics of the system by

adding an air gap between the metallic layer and ground plane to increase the equivalent

capacitivity of the MPA [130]. Using this technique, a smaller MPA unit cell reacts to

the lower frequency bands, due to the added capacitor. In addition to miniaturization, air
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gaps in a structure enhance the absorption ratio in higher-frequency bands according to

the Fabry–Perot cavity concept [131]. However, to design the MPAs with desired frequency

bands, researchers generally employ a combination of these techniques. For instance, in [132],

the authors used a flexuous metal path with lumped resistors to miniaturize conventional

absorber for RFID systems in a UHF band (910 MHz). In another study, the authors added a

combination of lumped resistors and capacitors to achieve lower-frequency absorption bands

[129]. Their design is shown in Fig. 6.8(c).

6.4.2 Multi-band metamaterial absorbers

Depending on desired applications, there is a demand for a system that can operate in

multi-frequency bands. Having a multi-band system and controlling frequency bands is one

of the challenging issues in the design of an MPA. SRRs (AKA ERR) with specific shapes

and dimensions stimulate resonances in a specific frequencies in the system. This feature

can also be used as a technique to achieve a wide band structure by putting the resonances

close to each other. Therefore, by combining a number of these SRRs, a multi-band or

wide-band system can be achieved. However, it is noteworthy that adding any number of

metallic structures in the system affects the whole structure. The added part can introduce

new capacitances between itself and other metallic parts of the structure (also known as the

parasitic element for the other resonators), and thus, the final structure requires full analysis

to understand the absorption bands.

In 2016, Gunduz et al. used three resonators to achieve three absorption bands, as

represented in Fig. 6.9(a). In this design, every ring stimulates one frequency band, and

due to the coplanar approach of structure, a thin structure is achieved. Thus, the absorber

can be easily fabricated [133]. In another example, the authors proposed using a pair of

rings to provide a quad-wide-band MPA, locating them alternatively in a homogeneous

structure [134]. The proposed structure is shown in Fig. 6.9(b).
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(a)

(b)

Figure 6.9: Multi-band SRRs. (a) Proposed structure in [133]. (b) Proposed structure
in [134].

The other approach of having a multi-band MPA is to use vertical metal-dielectric layers

as a multi-layer design. In this approach, each layer has resonances at specific frequencies.

For instance, in [135], a four-layer structure that consists of defected squares with different

sizes, as illustrated in Fig. 6.10(a), is proposed. In this structure, the close resonances of

the system result in a broad absorption band. In another case, G. Dayal et al. proposed a

different type of multi-layer structure MPA [136], which is shown in Fig. 6.10(b). In this

technique, the substrate dielectric is shaped as micro-disk as illustrated in the circles in Fig.

6.10(b). Using this method, very high absorption over multiple frequency bands can be

achieved.

As discussed above, MPAs have been designed to trap and dissipate incident signals.

The calculation of the absorption ratio that has been presented in 6.3.1 shows its relation to

the transmitted and reflected signals. The main effort in the designs is to design resonators

99



(a)

(b)

Figure 6.10: Multi-band MPA using a multi-layer technique. (a) [135] (b) [136].

Figure 6.11: The cavity in the substrate using a folded ground plane [137].

that provide matching impedance and thus open the door for the incident wave. The signal

is trapped and dissipated in the lossy substrate. Considering this concept, Zhang et al.

introduced an approach to create a cavity inside the substrate [137]. In this approach, they

used a combination of localized surface plasmon resonators and Helmholtz resonators, which

are referred to as the surface square rings, and a folded metal plate is used, which is part

of the ground plane, to form a cavity to trap the signal inside. Using this technique, the

authors have achieved a dual-band wide-angle MPA with a nearly 100% absorption rate.

Fig. 6.11 illustrates their proposed structure.
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(a)

(b)

Figure 6.12: (a) Proposed structure in [138]. (b) Proposed structure in [139].

6.4.3 Insensitivity to polarization and oblique waves

Metamaterial absorbers are mostly designed to catch all the possible waves around. To

this end, an absorber should be insensitive to the receiving wave angle and polarization.

This feature is highly tied to the shape of the unit cell. To have a polarization-insensitive

absorber, the proposed structure should be symmetric with respect to the cell’s perpendicular

vector. In [138], the authors presented a polarization-insensitive unit cell in the shape of

eight-circular-sector conductive pattern, which is shown in Fig. 6.12(a). The symmetric

structure also helps to improve the unit cell’s response regarding a wide range of oblique

wave angles. In some other works, such as [139], a combination of perpendicular and circular

shapes has been used to catch signals with vertical, horizontal and circular polarization. As

shown in Fig. 6.12(b), a four-sector cross is implemented in addition to the abovementioned

combination, and thus, the whole structure stays symmetric. The proposed final structure

is insensitive to the polarization and incidence angle.
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Figure 6.13: Metamaterial absorbers with sensing applications [143].

6.5 Metamaterials as sensors

With the advent of metamaterials and metamaterial absorbers, a new approach was intro-

duced to enhance the sensing capabilities of various systems. For instance, in [123], Ishikawa

used a plasmonic metamaterial absorber as a novel approach in infrared spectroscopic sensi-

tivity measurements. A terahertz power meter using a thin-film metamaterial absorber was

proposed by Park et al. [140]. To enhance Co2 gas sensing, a hybrid polymer-metamaterial

absorber in the mid IR spectral was investigated in [141]. In [142], Ni et al. introduced

a humidity sensor based on a metamaterial absorber on silicon. Kim et al. introduced an

ethanol chemical sensor by combining micro-fluidic techniques with metamaterial absorbers,

which uses variations in the resonance frequency (from 10.42 to 11.46 GHz) to determine

the concentration of ethanol [143].

In chapter 5, we have introduced a new method of people detection and crowd estimation.

According to the issues that have been discussed in the previous chapter, a metamaterial

absorber can be introduced as a solution to enhance the accuracy of detection measurements.

The following chapters of this thesis provide two different designs of metamaterial absorbers

for the EM energy-level measurements. The first design is based on the space-filing curves

(Sierpinski curve) as an approach for reducing the size of the unit cell to target very low

frequencies. The next design provides a multi-layer metamaterial absorber design, target-
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ing both 2.4 GHz and 5 GHz of WiFi bands, to enable accurate measurements for indoor

environments.

6.6 A Polarization-Independent low-frequency meta-

material absorber using space-filling curves

The extensive use of metamaterials and metamaterial absorbers increases the demand for

compact structures in various frequencies. Designing electrically small absorbers for lower

frequencies, especially sub-gigahertz applications, is one of the open issues in this field.

Leveraging the characteristics of fractal structures, [144] utilized a Minkowski fractal to

mitigate the multi-path phenomena in the UHF band. Combining this approach with other

techniques, Liu et al. proposed a multi-layer structure loaded with lumped resistors to cover a

wide range of frequencies from 5 GHz to 12 GHz [145]. Combining all these techniques, [128]

used incurved square loops in combination with lumped elements and an air gap to target the

UHF band. It is noteworthy that using fractal-based structures in MPA designs in addition

to the miniaturization of the structure increases the number of absorption bands due to its

repetitive pattern.

In this section, a new approach using space-filling curves is introduced to design an

absorber operating on low frequencies. The logic behind the use of surface-filling curves is

discussed while considering the equivalent circuit model of a unit cell in different steps. The

unit cell design is based on the Sierpinski curve with the size of 25 × 25 × 1.6 mm3 and

air gap of 10 mm. The structure shows 99.9% absorption at 900 MHz on the third step.

The system also exhibits multiple resonances due to its structure. The proposed structure is

tested using a fabricated array of the third order of the curve, and the results are compared

with the simulation outcomes.
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6.6.1 Design of the unit cell

A space-filling curve is a curve that can cover the entire 2D unit square. The specific

structures of these curves introduce loops with various sizes in different orders. Leveraging

these features, a metamaterial structure can be manipulated to stimulate various resonances

in the system. However, it should be noted that only a limited number of steps can be

followed in the design due to the various restrictions, such as fabrication limitations. It is

also noteworthy that in higher orders, the unit cell is almost fully covered and turns into a

plane copper plate. In this chapter, the Sierpinski curve, as one of the well-known space-

filling curves, is analysed to provide resonances in lower frequency bands with a fixed size of

the unit cell for various sensing purposes.

Fig. 6.14(a) represents the base design of the first order of Sierpinski curve-based MPA.

The width for the unit cell is fixed for all steps to W . The line width for the first step

is W1 = 1mm, and the length of the line is L1 = 3mm. The first step of the curve, Fig.

6.14(a), can be modelled as shown in Fig. 6.15(a), providing two resonances at 14.4 GHz

and 16.7 GHz, as shown in Fig. 6.16. In this circuit, C11 represents the capacitance between

the lines, and L11 is the inductance created in the smaller loops of the curve. L12 stands for

the inductance value of the whole cell. Csa is the equivalent capacitor for the capacitance

values for the substrate and air gap.

In the next step of the curve, Fig. 6.14(b), the width of the line is W2 = W1

2
= 0.5mm,

and its length is L2 = L1

2
= 1.5mm. Although the width of the line is decreased, the

added length and capacitances increase its value. Furthermore, new routes of the induced

surface current increase the inductance values, denoted as L22 in Fig. 6.15(b), and result

in stimulating the lower resonance frequencies of 1.2 GHz and 5.4 GHz. However, the

impedance of the structure at 1.2 GHz is not fully matched with the air impedance. Using

higher orders of the Sierpinski curve, impedance matching occurs in lower frequencies due

to the added effective electrical length. In the third order of the curve, the line width and
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(a) (b)

(c) (d)

Figure 6.14: Proposed unit cell structure with different steps of the Sierpinski curve. (a)
Step one. (b) Step two. (c) Step three. (d) Step four.
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(a) (b)

(c)

Figure 6.15: Equivalent circuit for each step of the Sierpinski curve. (a) Step one. (b) Step
two. (c) Step three.
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length decrease to W3 = W1

4
= 0.25mm and L3 = L1

4
= 0.725mm, respectively. Considering

the parameters that affect resonance frequencies, we have calculated the length and area

of the curve [?]. The areas of the top-layer metal for steps one to four are 151.43 mm2,

142.14 mm2, 137.33 mm2, and 135.08 mm2, respectively. It can be noted that as the orders

increase, the area of the metallic part decreases. The outer length of the curve from step

one to step four can be calculated as 158.86 mm, 303.44 mm, 594.4 mm, and 1177.92 mm,

which dramatically increases the length of curve. Furthermore, the number of small loops

increases as the order of the curve increases. Thus, a very large inductance is stimulated,

whereas the capacitance value is not changing that much. This phenomenon enables the

structure to exhibit strong resonances in frequencies as low as 900 MHz in the third step of

the curve. This phenomenon also can be illustrated with its equivalent circuit, as shown in

Fig. 6.15(c). The large inductance stimulated by the curve denoted as L32 and the main

capacitance, Csa, are almost the same as the previous step. These values are enabling a

99% absorption ratio at 900 MHz. Moreover, the combination of these resonators stimulates

more resonance frequencies in the structure. Thus, a multi-band absorber can be achieved

utilizing this technique. Following this approach, the fourth order of the Sierpinski curve is

also simulated to verify the logic of the behaviour of the absorber relative to the curve order.

As illustrated in Fig. 6.14(c), the number of loops increases sharply. However, the cross-

section area of each loop decreases compared to the third step. Since the value of inductance

is related to the area of the loops and the square of the number of loops, the equivalent

inductance of the structure increases. Furthermore, the capacitance of the structure remains

unchanged due to the increase in the mutual effect between metal paths, indicated as C11 in

the circuit of Fig. 6.14(a), and decrease in the surface area. Consequently, the first resonance

of the system is moved to 500 MHz. However, according to the uniform distribution of the

metal layer on the surface of the substrate and its space-filling properties, at higher orders,

the ratio of the return loss increases, and thus, the absorption ratio decreases.
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Figure 6.16: Absorption ratio for four steps of the proposed structure.

6.6.2 Simulation results

Perfect absorption depends on the resonance frequencies of the MPA structure, where the

structure presents an impedance equal to the free space impedance. To illustrate the reso-

nances of the system, Fig. 6.17 represents the E-field density for step three of the design.

As discussed above, the whole structure is engaged with the resonances at lower frequencies.

Fig. 6.17(a) shows the E-field density at 900 MHz and demonstrates the whole curve en-

gagement with the resonance. At 10 GHz, Fig. 6.17(b), half of the structure is stimulated to

provide the matching impedance and perfect absorption. Fig. 6.17(c) visualizes the E-field

density at 18 GHz and provides a clear understanding of the roles of the smaller capacitors

and inductors in higher frequencies. It can also be seen that at higher frequencies, the air

gap plays a critical role.

The use of an absorber in a real-world scenario requires an insensitivity to the polarization

and angle of the incident wave. To demonstrate the performance of the proposed approach,

Fig. 6.18 represents the absorption ratio for various angles of oblique wave and polarizations.

Fig. 6.18(a) compares the absorption ratio for different angles of the incident wave. The

structure performs well for lower frequencies (less than 12 GHz) for the incident wave angle
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(a) (b)

(c)

Figure 6.17: E-field density for the system at three different resonance frequencies: (a) 900
MHz, (b) 10 GHz, (c) 18 GHz.

(θ) of 0 to 80. For instance, the absorption ratio at 900 MHz is greater than 60% for θ =

70. As mentioned, polarization insensitivity is usually one of the requirements in absorber

designs. Fig. 6.18(b) represents the performance of the structure for various polarization

angles (φ). The proposed approach exhibits a good performance for all the values of φ due

to its symmetric and unique structure.

6.6.3 Measurement results

To evaluate the proposed structure, an array of its third step with total dimension of 100×

100 × 11.6 mm3 is fabricated on a substrate of FR4 with relative permittivity of 4.4 and

dielectric loss of 0.02, as shown in Fig. 6.19. To verify the absorption ratio, the fabricated

absorber was tested using the horn antenna technique, as described in [146]. A Keysight

PNA Network Analyzer N5225A was used in S-parameter measurements. First, using a
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(a)

(b)

Figure 6.18: Absorption ratio for different angles of incident wave and polarization. (a)
Absorption ratio for various θ. (b) Absorption ratio for various φ.
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Figure 6.19: Fabricated array of the proposed structure.

plane copper plate, the S21 was measured to calibrate the network analyser. Having zero

as the result of S21 measurement, the absorption ratio can be calculated as 1− |S11|2. This

process eases the measurement process of the absorption ratio for the proposed structure.

Fig. 6.20 compares the measurement and simulation results. It is clear that there is a good

agreement between the simulation and measurement results.

6.7 Conclusion

In this chapter, a brief overview of the history and physics behind metamaterials and meta-

material absorbers was provided. The parameters that affect the designs illustrated and

various applications for metamaterials and absorbers were discussed. It is noteworthy to

mention that use of metamaterials offer a low cost solution to measure the level of available

electromagnetic energy. Moreover, absorbers can be designed to have nearly 100% absorption

in specific frequencies, enabling detection of slight changes in the environment.
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Figure 6.20: Comparison between measurement and simulation results.

Ref. Fractal type Size Lowest band Absorption ratio Number of bands

[132] Square loop 0.06λ 910 MHz %99.9 1
[147] Minkowski 0.25λ 870 MHz %99.8 1
[148] Minkowski 0.2λ 5 GHz %95 1 Wide
[138] Circular Minkowski 0.32λ 8.7 GHz %98.47 3
[149] Tree Shape 0.18λ 6 GHz %90 3
[146] Circular shape 0.4λ 10 GHz %99.8 1

This work Sierpinski 0.075λ 900 MHz %99.9 8

Table 6.1: Size and performance comparison.
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A new approach for designing compact low-frequency metamaterial absorber based on

space-filling curves was presented. The proposed structure uses the Sierpinski curve, one of

the well-known space-filling curves. The first four orders of the curve were simulated to un-

derstand its behaviour, and the resonance frequencies and absorption ratios were calculated.

It was shown that using higher orders of the curve can stimulate resonances in low frequen-

cies, while the unit cell size is fixed. The proposed unit cell has a size of 25× 25× 11.6mm3

(0.0751λ × 0.0751λ at 900 MHz). However, considering fabrication restrictions, there is a

limit to higher-order implementation. Table 6.1 provides a comparison between the proposed

structure and recent works in the literature. The first-order structure has two absorption

bands at 14.4 GHz and 16.7 GHz. In the second step, a resonance at 19.3 GHz is stimulated,

whereas the other two resonances have moved to 8.5 GHz and 5.3 GHz. In the third step,

eight resonances with absorption rates of greater than 90% are introduced into the system. It

is noteworthy that the first absorption band is at 900 MHz, with an absorption ratio greater

than 99.9%.
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Chapter 7

Polarization-Insensitive Metamaterial

Perfect Absorber for Crowd

Estimation Based on Energy-Level

Measurements of Ambient

Electromagnetic Waves

Non-invasive crowd estimation has remained a challenging issue among researchers. Methods

such as image analysis and WiFi/Bluetooth probing can always be used to identify and track

people. Lately, we have introduced a non-invasive method for crowd estimation based on

ambient RF energy measurements. In this chapter, a polarization-insensitive multi-layer

metamaterial absorber is introduced to measure the variation in the available RF energy

levels for crowd estimation purposes. The proposed dual-band absorber is designed to absorb

and transfer the maximum of the available WiFi energy to a lumped element to enable proper

and accurate measurements. To evaluate the design, the proposed structure is fabricated as
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an array, and its performance is tested, proving perfect absorption at the desired frequencies,

2.4 GHz and 5 GHz.

7.1 Introduction

Metamaterial absorbers, due to their specific characteristics, are one of the candidates to be

used in this process as the energy measurement sensor. Metamaterials and absorbers are both

used by researchers to enhance sensing capabilities in various systems. For instance, in [123],

Ishikawa introduced a novel approach in infrared spectroscopic sensitivity using a plasmonic

metamaterial absorber. In [140], Park et al. proposed a terahertz power meter using a thin-

film metamaterial absorber. To enhance Co2 gas sensing, a hybrid polymer-metamaterial

absorber in the mid IR spectral was investigated in [141]. In [142], Ni et al. introduced

a humidity sensor based on a metamaterial absorber on silicon. Combining microfluidic

techniques with metamaterial absorbers, Kim et al. introduced an ethanol chemical sensor

that uses variations in the resonance frequency (from 10.42 to 11.46 GHz) to determine

the concentration of ethanol [143]. Given these examples, it can be noted that most of the

research has focused on high frequencies, especially in the terahertz regime, and the design

of a metamaterial absorber for lower frequencies for sensing purposes is still a challenge

to overcome. In this work, we present a novel approach for the design of a metamaterial

absorber targeting two available WiFi bands: 2.4 GHz and 5.1 GHz. At present, indoor

environments are densely equipped with WiFi access points, making WiFi a good source of

EM energy in crowd estimation. The designed structure is a combination of a miniature

periodic structure with the size of 18× 18× 1.75mm3, offering an absorption ratio of 99.9%

in both frequency bands. A new technique of using single vias accompanied with lumped

resistors is introduced to help to reduce the size while enabling the proper measurement of

the amount of absorbed energy without interfering with the absorber structure. Compared to
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previous work, which considered changing RF signal strength for crowd estimation by using

a grid of active sensors, this approach introduced a passive method to implement lifetime

battery-less devices.

7.2 Structure design and simulation results

Metamaterials are synthetic compositions of periodic metallic structures that are printed

on a substrate that controls the electric permittivity ε(ω) and magnetic permeability µ(ω)

of the structure with respect to the operating frequency. This phenomenon occurs due to

the stimulation of capacitors and inductors in the structure, which are triggered with the

induced surface current. Then, at the resonance frequency, the effective impedance equals

the free space impedance (Z(ω) =
√

µ(ω)
ε(ω)

= 1).

The effective impedance can be calculated based on the reflection and transmission pa-

rameters

Z(ω) =

√
(1 + S11(ω))2 − S2

21(ω)

(1− S11(ω))2 − S2
21(ω)

, ω = 2f (7.1)

The absorption, A(ω), will be perfect according to the definition:

A(ω) = 1− Γ(ω)− T (ω) (7.2)

where Γ(ω) = |S11|2 and T (ω) = |S21|2.

Fig. 7.1 represents the 2D models of the proposed structure for the MPA unit cell with

the size of 18 × 18 × 1.75 mm3. The proposed unit cell consists of three layers that target

two absorption frequencies. The top metal surface consists of a set of rings, where the

inner radius of R1in = 3.4 mm and outer radius or R1out = 2.7 mm, are connected through

symmetric lines with the line width of W1 = 0.7 mm. The mid-layer also consists of four
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rings with inner radius of R2in = 1.25 mm and outer radius or R2out = 0.55 mm, and the

connection lines have a line width of W2 = 0.7 mm. Each layer is connected to the ground

plane using four vias with the size of Rvia = 0.6mm, while a lumped resistor is between the

vias and the ground plane. The substrate thicknesses are indicated with h1 = h2 = 0.75mm.

7.2.1 Design procedure

The body absorption and its effects are different at various frequencies, which have been

vastly studied in the literature [150, 151]. Accordingly, having a multi-resonator absorber

that can independently set frequencies helps to increase the accuracy of the measurements

and estimations. The human body shows two main resonance frequencies at 60 MHz and 2

GHz [97]. However, the lack of ambient RF energy at 60 MHz and the size of the unit cell

in this frequency (60 MHz) make the system move to more available frequencies, especially

indoors. Thus, the focus of the design is WiFi bands (2.4 GHz and 5 GHz). Nonetheless,

the resonance bands can be manipulated by following the same procedure and only changing

the size of the entire unit cell. Furthermore, it is worth noting that the structure should

be capable of absorbing all possible polarisations. Therefore, the proposed structure is

symmetric with respect to the origin of the unit cell.

A multi-layer symmetric structure is proposed with the purpose of providing a multi-

resonance absorber [152–156]. The multi-layer structure is used to enable frequencies to

be set independently. In the proposed approach, the top layer is set to absorb the lower

frequency band (2.4 GHz), while the mid-layer is stimulated at higher frequencies (5.1 GHz).

This combination is created due to the higher energy levels of high-frequency waves and ease

of penetrating into the substrate. Therefore, the top layer of the structure is designed to

resonate at 2.4 GHz, while the mid-layer resonates at 5.1 GHz. Fig. 7.2 shows real and

imaginary values of the effective impedance. It can be seen that at 2.4 GHz and 5.1 GHz,

the structure shows perfect matching impedance.

117



(a) (b)

(c)

Figure 7.1: Proposed structure of the metamaterial absorber. (a) Top layer. (b) Mid layer.
(c) Full unit cell.
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Figure 7.2: Real and imaginary values of Z (ω).

Fig. 7.3 illustrates the E-field, H-field and induced surface current distribution for both

frequency bands in the top and mid layers. Noting the E-field distributions in Fig. 7.3(1:a)

and (1:b), the concentration of the E-fields proves the functionality of the top layer and mid

layer at 2.4 GHz and 5.1 GHz, respectively. With a horizontal linear polarised wave at 2.4

GHz hitting the absorber, two horizontal rings at the top layer of structure are involved

(Fig. 7.3(1:a)). By changing the polarisation angle from 0 to 90, we transfer the E-field and

induced surface current focus area to the vertical set of rings instead of horizontal ones. Thus,

the polarisation insensitivity is guaranteed in the structure. Furthermore, the measured E-

and H-fields (Fig. 7.3(1:a) and (2:a)) at 2.4 GHz are negligible in the mid layer compared to

those in the upper layer. At 5.1 GHz (Fig. 7.3(1:b) and (d)), the mid layer plays the main

role and provides the impedance matching, which shows that the top and mid layers of the

structure act separately. Thus, the absorption bands can be easily adjusted by manipulating

the size of the rings in each layer.

Fig. 7.4 illustrates the role of the radius of the rings in each layer to set the resonance

frequencies. We set the fixed dimensions for the unit cell as 18× 18 mm2, and R1in and L1
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(1:a) (1:b) (1:c)

(2:a) (2:b) (2:c)

(3:a) (3:b) (3:c)

Figure 7.3: (1:*) E-field distribution at (a) 2.4 GHz; (b) 5.1 GHz; (c) 7.2 GHz. (2:*) H-field
distribution at (a) 2.4 GHz; (b) 5.1 GHz; (c) 7.2 GHz. (3:*) Induced surface current at (a)
2.4 GHz; (d) 5.1 GHz; (c) 7.2 GHz.
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are inversely related to each other. As represented in Fig. 7.4(a), by reducing the radius

R1in of the circles on the top layer and consequently increasing the length L1 of the lines, the

equivalent electrical length of the resonator decreases, and the resonance frequency increases.

The phenomenon of independent adjustment of the resonance frequency repeats in the mid-

layer at 5.1 GHz, as illustrated in Fig. 7.4(b). Moreover, as shown in Fig. 7.4, a third

resonance appears at 7.2 GHz. In Fig. 7.3(1:c) and (2:c), which shows the E- and H-fields at

7.2 GHz, this resonance is a result of the mutual effect of the rings in the upper and middle

layers. In Fig. 7.3(2:c), the anti-parallel currents between two layers are strong and result

in a strong magnetic field.

With fixed radii for the rings as R1 = 3 mm and R2 = 0.85 mm, the effect of the

line width is investigated. Fig. 7.5 shows the changes in absorption ratio and resonance

frequencies with a small change in line width. With W1 = W2 = 0.6 mm, the resonance

frequency of the structure slightly moves to lower bands as 2.38 GHz and 5.05 GHz. With

W1 = W2 = 0.8 mm, the resonance frequency slightly shifts to higher bands at 2.43 GHz

and 5.33 GHz. Thus, the line width of W1 = W2 = 0.7mm is fixed for both resonators.

Absorbers were traditionally designed to trap electromagnetic waves and dissipate them.

However, a higher efficiency of the absorbers in catching signals enables new applications in

the field of sensing. Similar to most sensing applications, the proposed sensing application

in this chapter requires the detection of the changes of the available RF energy levels. To

provide this function, the loss of the system should be minimal, and the absorbed power

should be transmitted and translated to a measurable parameter. Thus, a substrate of

Rogers RO3003 with the thickness of h1 = 0.75 mm and h2 = 0.75 mm and loss tangent of

0.001 is selected.

Fig. 7.6 represents the simulation analysis of the power loss in the structure. For simula-

tions, the structure is placed in front of a transmitter with an outgoing power of 0.5 watt. At

resonance frequencies of 2.4 GHz, 5.1 GHz and 7.2 GHz, the accepted power in the structure
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(a)

(b)

Figure 7.4: Effect of the radius of the rings. (a) Various values of R1in with R2in = 0.85mm.
(b) Various values of R2in with R1in = 3mm.
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Figure 7.5: Effect of the line width on the resonator.

are approximately 100%, 45% and 85%, respectively. At 2.4 GHz, 0.5 watt RF energy is

absorbed with the structure, while 0.19 watt is wasted in the metal and substrate (0.145 watt

in the metal parts of the structure and 0.045 watt in the dielectric substrate). Thus, 0.31

watt is transferred to the lumped element. At 5.1 GHz, the accepted power on the mid-layer

resonator is 0.23 watt due to the loss in the upper layer. However, the loss in the metal and

substrate is relatively low, and 0.14 watt can be transferred to the lumped elements. As

mentioned, at 7.2 GHz, both resonators are engaged, so 85% of the power is accepted with

the structure. Furthermore, the proposed metamaterial absorber is introduced to operate

as a sensor in the crowd estimation analysis based on the RF energy measurements. To

this end, the absorbed energy should be translated to measurable parameters. The power

analysis in Fig. 7.6 shows that 62% and 28% of available RF energy can be transferred to

the lumped elements. Measuring the voltage and current on these elements would be used

to determine the changes in amount of available EM energy.

As mentioned, one of the challenges in using an absorber as a sensor is to transfer the

absorbed power and translate it to a measurable parameter. One of the common techniques
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Figure 7.6: Power loss analysis in the structure.

to translate the power to a measurable parameter is to use lumped resistors. Thus, the

voltage can easily be measured. However, placing lumped resistors on the top layer of the

absorber makes the measurement process almost impossible due to the parasitic effects of

the added or connected equipment. Therefore, the technique of using vias and defecting

the ground plane is introduced in this work. In this technique, our vias are added in each

resonator, which is connected to the ground plane through resistors. These vias are used

to control the induced surface current directions and redirect the current into the resistors,

which are placed at the bottom layer of the absorber. Thus, when the current passes the

resistor, the voltage on the resistor can be measured. Considering the direct relation of

the induced surface current with the amount of absorbed energy, the proposed structure is

used to measure the amount of available RF energy and monitor its changes. It is worth

noting that the use of vias and the connection to the ground plane through lumped resistors

introduce new routes for the induced surface current transferring maximum power to the

resistor. This feature also helps to yield more accurate measurements of the changes. The

effect of the lumped resistors and its values are shown in Fig. 7.7. As shown, a wide range of
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Figure 7.7: Effects of the resistor values on the absorption levels at 2.4 GHz and 5 GHz.

resistors (10 KΩ to 60 KΩ) are considered, and R = 30 KΩ is selected for both resonators.

It should be mentioned that the values of the resistors are critical to the absorption ratio.

Considering the RLC resonator circuit model for a unit cell, the resistor should be selected

with respect to the inductance and capacitance of the resonator to provide perfect resonance.

The symmetry of the design is guaranteed by having four resistors for both layers.

As mentioned, according to the application, the structure should be insensitive to the

polarisation and incident angle. Fig. 7.8 shows the performance of the proposed structure

with various oblique angles and polarisations. Despite a small shift at 2.4 GHz, the proposed

absorber shows good absorption (over 75%) from θ = 0 to θ = 70 at both frequencies as

shown in Fig. 7.8(a). The absorption ratio remains over 99% for all polarisation angles, φ,

as shown in Fig. 7.8(b).

7.2.2 Proposed absorber as a sensor

Metamaterial absorbers can provide an efficiency of 100% on its resonance frequencies. This

feature enables us to detect small changes in the level of available electromagnetic energy.
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(a)

(b)

Figure 7.8: Absorption ratio for different angles of the incident wave and polarization. (a)
Absorption ratio for θ; (b) Absorption ratio for φ.
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Furthermore, these structures are low cost and easy to deploy in a large scale. So, meta-

material absorbers are good candidates to replace antennas in measuring electromagnetic

energy levels.

The proposed metamaterial absorber is designed to act as a sensor by proving the changes

in RF energy levels. The amount of output voltage and current are two parameters of sensi-

tivity of metamaterial absorber as a crowd estimation sensor. As mentioned both resonators

(top layer resonator and mid layer resonator) are stimulated independently in different fre-

quencies and each resonator is connected to the ground through four lumped resistors. There-

fore, effects of the body in different frequencies can be measured independently at 2.4 GHz

and 5.1 GHz. This feature is illustrated in Fig. 7.9 by representing the simulation results for

the measures of voltage and current on the lumped resistors regarding different input powers.

Fig. 7.9(a1) and (a2) shows the measurable voltage values on the associated resistors at 2.4

GHz and 5.1 GHz, respectively. Comparing two graphs prove its independent functionality

at 2.4 GHz and 5.1 GHz. Similarly, Fig. 7.9(b1) and (b2) represents the current values as a

complementary measurable parameter for available RF energy.

Table 7.2 shows the simulation results for measurable values for the voltage and current

with respect to various levels of transmitted power. Setting transmitting power as −23 dBm,

the measured voltage and current are 4.84 (V) and 161 (µA) at 2.4 GHz. These values

are slightly higher at 5.1 GHz with measures of 5.39 (v) and 180 (µA) for voltage and

current, respectively. Recalling the introduced application, sensitivity of the absorber plays

critical role in the accuracy of measurements. Sensitivity of the absorber and respected

measurements are also investigated in Table 7.2 by considering 3 dBm changes in the level

of transmitting power at both resonance frequencies. For −3 dBm, the measured voltage is

48.48 (V), and the current is 1.61 (mA) at 2.4 GHz. At 0 dBm for the transmitted power, the

voltage is 68.64 (V), and the current increases to 2.28 (mA) at 2.4 GHz. Likewise, measurable

parameters values are 54.16 (V) and 77.2 (V) for voltage and 1.79 (mA) and 2.56 (mA) for
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(a1) (a2)

(b1) (b2)

Figure 7.9: Simulation results for the voltage and current on the lumped elements. (a)
Voltage on the lumped resistor (a1) 2.4 GHz (a2) 5.1 GHz; (b) current passing through the
lumped resistor (b1) 2.4 GHz (b2) 5.1 GHz.

current with the transmitting power of −3 dBm and 0 dBm at 5.1 GHz. These measurements

prove that the proposed absorber reacts logically to the transmitted power and can be noted

as a sensor. Therefore, any changes in the level of available RF energy can be tracked and

an accurate estimation can be provided.

7.3 Measurement Results

The proposed approach is fabricated as an array to evaluate its performance in a real-world

environment. Figs. 7.10(a) and (b) show the top and bottom layers of the fabricated 8× 8
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Frequency 2.4 GHz 5.1 GH
Transmitted power (dBm) Voltage (V) Current (mA) Voltage (V) Current (mA)

-23 dBm 4.84 v 161 µ A 5.39 v 180 µ A
-9 dBm 24.24 v 806 µ A 27.1 v 900 µ A
-3 dBm 48.48 v 1.61 mA 54.16 v 1.79 mA
0 dBm 68.64 v 2.28 mA 77.2 v 2.56 mA
3 dBm 96.88 v 3.23 mA 107.63 v 3.6 mA

Table 7.1: Voltage and Current for various levels of transmitted power.

array of the proposed structure on a substrate of Rogers 3003. It is noteworthy to mention

that resin epoxy is used to press different layers of substrate which pose a small shift on the

resonance frequencies. The structure is used to test its performance in comparison with the

simulation results. Then, the absorber is used to measure the changes of the available RF

energy levels to prove its proposed application.

7.3.1 Measurements of the proposed absorber characteristics

To test the fabricated absorber, a setup as described in Fig. 7.11 is used [146]. The structure

is fixed in front of the EMC pyramid absorbers to avoid the reflection when the power is

radiating. Two horn antennas are connected to a network analyser (Agilent Technologies

E5071B) to measure parameters S11. Fig. 7.12 compares the measurement results of S11

of the system with its simulated results. It should be noted that epoxy resin is added

into the structure during final simulations. Despite a small shift in resonance frequencies,

the measurements are consistent with the simulation results and show perfect absorption

at the desired resonance frequencies (2.05 GHz and 4.13 GHz). Moreover, the proposed

structure is tested for performance evaluation in various oblique angles and polarisations.

Fig. 7.13 shows the measurement results of its absorption ratio for various oblique angles

and polarisations. The proposed absorber shows good absorption from θ = 0 to θ = 70 as

shown in Fig. 7.13(a). As shown in Fig. 7.13(b), the absorption ratio remains over 90% for
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(a) (b)

Figure 7.10: Fabricated 8 × 8 array of the proposed absorber. (a) Top layer; (b) bottom
layer

all polarisation angles φ.

7.3.2 Measurements of proposed absorber as a sensor

The proposed metamaterial absorber is designed to act as a sensor by proving the changes

in RF energy levels. To test its functionality, the absorber is fixed in front of a transmitter

antenna, and the voltage and current on the resistors are measured. Table 7.2 shows the

measured values for the voltage and current with respect to various levels of transmitted

power. Starting from −30 dBm, the measured voltage and current are 1.5 (V) and 1 (mA),

respectively. For 0 dBm, the measured voltage is 18.3 (V), and the current is 3.2 (mA). At

10 dBm for the transmitted power, the voltage is 23 (V), and the current increases to 4 (mA).

These measurements prove that the proposed absorber reacts logically to the transmitted

power and can be noted as a sensor.
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(a) (b)

Figure 7.11: (a) Setup for the absorber tests [146]. (b) Setup for experiments.

Figure 7.12: S11 measurement in comparison with simulations.
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(a)

(b)

Figure 7.13: Measurement results for absorption ratio for different angles of the incident
wave and polarization. (a) Absorption ratio for θ; (b) Absorption ratio for φ.
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Transmitted power (dBm) Voltage (V) Current (mA)

-30 dBm 1.5 1
-20 dBm 3.7 1.5
-10 dBm 9.9 1.9
0 dBm 18.3 3.2
10 dBm 23 4

Table 7.2: Voltage and Current measurements for various levels of transmitted power.

7.4 Conclusion

A multi-layer polarisation-insensitive metamaterial perfect absorber has been introduced in

this chapter to provide a solution for accurate measurements of the available RF energies

to estimate the crowd. The proposed approach address the issue of the need for multiple

antenna measurements for crowd estimations. The proposed unit cell with a size of 18 ×

18×1.75mm2 operates at WiFi frequencies (2.4 GHz and 5.1 GHz). The unique structure of

the proposed absorber enables perfect power absorption and its accurate translation to the

voltage. Using single vias, the resistors move to the bottom layer of the structure to avoid

any parasitic effects during measurements. The proposed structure has been fabricated, and

its functionality regarding various levels of available RF energies have been tested.
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Chapter 8

Conclusion

This chapter summarises the contributions of this dissertation. The final part of the chapter

illustrates the remaining challenges in each section and future directions for studies.

8.1 Contributions

In chapter 3, participatory Bluetooth scanning was investigated as a crowd estimation

method. The discovery probability of the Bluetooth protocol and detection probability were

calculated. A wide range of experiments was designed and performed to collect data for the

parameter estimation and model evaluation. The maximum likelihood estimation (MLE) is

used to estimate the parameters of the probabilities using experimental results. The pen-

etration rate is defined as the ratio of available Bluetooth devices to the total number of

people. It has been proven that the probability of having k number of Poisson-distributed

Bluetooth devices is a inhomogeneous Poisson distribution with density λ. Then, the crowd

density is estimated with using the MLE as the value of λ, which maximises the probability

of detecting k Bluetooth devices. The estimated values are backed up by indoor and outdoor

experiments. Finally, a testbed was designed to provide information citywide. To this end,
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an Android app has been designed, which collects Bluetooth scanning and location data.

The collected data are uploaded to the cloud for processing, and the results are represented

on a web page.

Chapter 4 investigated the WiFi-based crowd detection and its distribution estimation. In

a real-world scenario, six WiFi probes were installed on a train platform to collect data. The

collected data were used to determine the crowd density and its distribution. To determine

the WiFi fingerprint map over the platform, three participants using six mobile phones were

present on the platform and followed a predefined pattern. However, the collected data were

sparse, which makes the location estimations very challenging. To overcome this issue, prior

knowledge was applied on top of the fingerprint map to produce a probability map. The

probability map is used to estimate the location of each node, and the expected value for

the number of people in each cell is calculated. Then, using k-nearest neighbours, density

heat maps are generated. Finally, the generated heat maps are compared to the results of

CCTV images.

Both Bluetooth and WiFi probing methods show good accuracy. However, there are in-

herent privacy issues with these methods due to their unique fingerprint and MAC addresses.

In chapter 5, a fully non-intrusive method to estimate crowds using available RF energy

measurements is introduced. Any object in the environment directly affects the amount of

measured electromagnetic energy. The human body consists 60% water on average and has

a significant effect on the amount of available EM energy. These effects can be measured and

modelled to understand the number of people and their behaviour. Numerical simulations

using Comsol were performed to illustrate the effects of the human body in a room. The

three-dimensional distribution of the E-field is extracted in two body resonance frequencies:

60 MHz and 2 GHz. The energy measurements are quite challenging at higher frequencies

using antennas due to many holes and peaks. Multiple measurements at various points can

be used to overcome this issue. Finally, a series of experiments was designed to test the
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theory in reality. To have a controlled environment, the measurements were performed in a

lift cabin. During the experiments, 20 different measurement positions for the antennas have

been selected and average of all measurements calculated to obtain the amount of absorbed

energy. It is proven that a 0.8 dB decrease in the energy levels can be measured for an

average body.

Metamaterial absorbers were introduced as an alternative solution for multiple antenna

measurements in chapters 6 and 7. Use of metamaterial absorbers also offers accurate mea-

surements of the average of available EM energy. Chapter 6 provides a solution to design

compact metamaterial absorbers using space-filling curves. Sierpinski curves are introduced

as an example of space-filling curves to reach lower resonance frequencies at 900 MHz with

the fixed size of the unit cell. In chapter 7, a multilayer absorber is introduced to accurately

measure the EM energy levels. To minimise the loss, a substrate of Rogers 3003 with loss

of 0.001 is chosen. The proposed structure introduces single vias to transfer the induced

surface current to the bottom layer. The vias are connected to the ground plane through a

resistor. Using this technique, measurements can be done without affecting the interference

with the resonator structure. Both proposed structures were fabricated and tested. The final

multi-layer structure was examined to determine the changes in the receiving RF power by

monitoring voltage and currents on the components.

8.2 Future works

8.2.1 Increasing the accuracy of Bluetooth-based estimation

As shown, participatory Bluetooth scanning can be used to determine the number of people

around each scanning node. Moving people around each node can be modelled with a dy-

namic probability model, which can be applied to increase the accuracy of the measurements

and estimations. Furthermore, the estimated crowd density can be monitored to extract the
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hourly, daily, and weekly patterns of the crowd changes in an area.

8.2.2 Increasing the accuracy of WiFi-based estimation

WiFi probes can be used to estimate the crowd density and its distribution. WiFi probes can

be manipulated to decrease the scanning intervals. Then, methods such as Kalman or particle

filters can be used to increase the accuracy of estimating the paths and associated locations

of the detected nodes. Furthermore, WiFi probes can be integrated with CCTV images to

cover blind spots of the images, while the images can provide a dynamic penetration rate to

increase the accuracy of the measurements in the integrated system.

8.2.3 Crowd estimation based on EM energy level measurements

The proposed method of using electromagnetic measurements for crowd estimation purposes

is introduced and tested in a controlled environment. The absorption effects of the human

body should be tested in various indoor settings. Machine learning algorithms can be trained

to monitor the small changes in the environment to increase the accuracy of the estimations

in large and dynamic environments.

Metamaterials are introduced as a solution to replace multiple antennas and increase

the accuracy of energy level measurements. New techniques in the design of metamaterial

absorbers can be investigated to increase the sensitivity of absorbers in different bands and

minimise the loss in the system. Thus, the accuracy of the measurements can be increased.
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