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Abstract: Visible light is everywhere around in our daily life. The part of the
electromagnetic spectrum that is visible to the human eye is called visible light; it is
in the range between 350-750 nm, which is roughly between 400-750 THz in terms of
frequency. Visible light sensing and communication (VLS and VLC) are considered
two of the most emerging fields in sensing and wireless communication areas, where
light emitting diodes (LEDs) are used as the transmission unit (Tx). LEDs have a
number of advantages, some of which are extended life expectancy, illumination, lower
energy dissipation, and eco-friendly. As a result, visible light can be used in several
sensing applications in our life such as occupancy estimation.

In this thesis, a new occupancy estimation method based on VLS is presented. A
visible light source (e.g., LED) is utilized as the transmitter and a photo-detector
(PD) used as a receiver, forming a visible light sensing system. Depending on the
number of people in the room crossing the line-of-sight LOS (between the light source
and PD), the received power at the receiver change. Consequently, probability density
function (PDF) and cumulative distribution function (CDF) of the received power at
the receiver change. First, a theoretical analysis of the received power is developed
to incorporate the impact of room occupancy on the PDF and CDF of the received
power. Second, these received power PDF and CDF expressions are compared with
simulation results. Both results are in perfect agreement that verifies the theoretical
analysis. In addition, Kullback-Leibler divergence (KL-divergence) method to analyze
measurement data to detect the number of occupants in an environment. In this
method, the stored PDF of the received power in the database is compared with the
measured received power PDF, which reveals the estimated room occupancy. It was
shown how a slight variation in room occupancy can dramatically alter the statistics
the received power. Theoretical analysis and simulations are performed. In addition,
we have conducted experiments in the Wireless Communication and Sensing Research
Lab (WCSRL) located in Engineering South (ES) 408 at Oklahoma State University.
As a future work, we are planning to study the impact of scattering on estimation
accuracy. Multiple LEDs and PDs (i.e., multiple transmitters and receivers) can also
be considered in future tests. Developing a complete system that can control and
regulate buildings HVAC (heating, ventilation, and air conditioning) and lighting to
improve sustainability and energy efficiency will be one of our promising research
direction in the future.

Keywords: Occupancy Estimation, Visible Light Sensing, Statistical Analysis, KL-
Divergence.

v



TABLE OF CONTENTS

Chapter Page

I INTRODUCTION . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.1 Introduction to Visible Light Sensing . . . . . . . . . . . . . . . . . 1
1.2 Applications of Visible Light . . . . . . . . . . . . . . . . . . . . . . 6
1.3 Visible Light Challenges . . . . . . . . . . . . . . . . . . . . . . . . . 7
1.4 Research Areas in Visible Light . . . . . . . . . . . . . . . . . . . . . 7
1.5 Organization of Thesis . . . . . . . . . . . . . . . . . . . . . . . . . 8

II State of the Art Occupancy Estimation Techniques . . . . . . . . 10

III Occupancy Estimation through Visible Light Sensing . . . . . . . 15
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
3.2 System Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
3.3 Theoretical Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
3.4 Occupancy Estimation Algorithm . . . . . . . . . . . . . . . . . . . 21
3.5 Simulation and Analysis Results . . . . . . . . . . . . . . . . . . . . 22
3.6 Experimental Results . . . . . . . . . . . . . . . . . . . . . . . . . . 25

IV CONCLUSION AND FUTURE WORK . . . . . . . . . . . . . . . 31
4.1 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
4.2 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

vi



LIST OF TABLES

Table Page

1.1 Approximate spectral colors of visible light. . . . . . . . . . . . . . . 5

vii



LIST OF FIGURES

Figure Page

1.1 Electromagnetic Spectrum [1] . . . . . . . . . . . . . . . . . . . . . . 2

2.1 Transmitter and receiver to determine the total number of people [2]. 12

2.2 Comparison results from [3]. . . . . . . . . . . . . . . . . . . . . . . . 13

2.3 PDF for received signal for different number of people [4]. . . . . . . . 14

2.4 System architecture [5]. . . . . . . . . . . . . . . . . . . . . . . . . . . 14

3.1 Occupancy estimation system model. . . . . . . . . . . . . . . . . . . 17

3.2 Taking Measurements. . . . . . . . . . . . . . . . . . . . . . . . . . . 18

3.3 Comparison results between the theoretical and simulated CDF. . . . 23

3.4 Comparison results between the theoretical and simulated PDF. . . . 24

3.5 KL-divergence for different number of people. . . . . . . . . . . . . . 25

3.6 Euclidean Distances for different number of people. . . . . . . . . . . 26

3.7 The MSE in the occupancy estimation when applying KL-divergence

and Euclidean distance techniques using 50,000 iteration for each case. 27

3.8 Photo-detector used in the project. . . . . . . . . . . . . . . . . . . . 28

3.9 CDF of the received power for different number of people. . . . . . . 28

3.10 Mean of the data. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.11 Variance of the received power versus number of people. . . . . . . . 29

3.12 Standard deviation of the data. . . . . . . . . . . . . . . . . . . . . . 30

viii



CHAPTER I

INTRODUCTION

1.1 Introduction to Visible Light Sensing

People have been using visible light as a method of communication for years and

years, which is still a reservoir of numerous benefit in the field of wireless commu-

nication. Before Thomas Edisons invention of the light bulb in the 19th century,

people used fire smoking as a communication medium, and after Edisons invention,

new communication ways by using light were deployed [2]. Alexander Graham Bell

was the first one who implemented the concept of using the communication medium

by his invention of photo-phone in 1880, which is a machine used to transmit voice

signals using visible light rays. Bell directed sunlight with a reflector and then spoke

into a device that echoed the mirror [6]. The vibrating rays were picked up by the

detector at the receiving end and decoded back into the voice signal, the identical

scheme as the telephone performed with electrical signals. The two main problems

that Bell could not solve were the inability to generate a valuable carrier frequency,

and environmental dilemmas for instance fog and rain. With the invention of LED,

the use of light as a communication medium has been popular, and it has started to

gain more research attention. Visible light is in the frequency range between 350-750

THz in the electromagnetic spectrum as shown in Figure 1.1, which is 10,000 larger

than the entire RF (radio frequency) spectrum [7]. The availability of visible light

everywhere around us makes the use of it as a communication and sensing medium

a promising research issue; therefore, extra installment is not required which has a

great impact on reducing the cost [8].
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Figure 1.1: Electromagnetic Spectrum [1]
.

Occupancy estimation techniques have plenty of numerous applications in diverse

fields. These methods essentially concentrate on counting the number of people in-

side a particular region, also known as crowd counting. One of the most significant

application is smart-building management, where a control system can optimize the

power consumption by regulating the heating and cooling depending on each room

occupancy [9], [10]. Over and above, occupancy estimation can be used to have an

idea about the places that attract more customers in large retail stores or shopping

malls. This information can be useful for marketing purposes, advertising campaigns,

and emergency exit plans.

The current state of the art for occupancy estimation can be classified mainly

into two categories, namely: device-based and device-free techniques. Device-based

techniques use a device on the human target to detect the number of humans in a

certain space as done in [5] and [11]. In [5], the authors proposed to use Bluetooth

Low Energy (BLE) tags that can be distributed to the people, then a smart-phone

will scan the Bluetooth tags and update the people count through an application.

The authors performed tremendous experiments during the extremely crowded out-
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door environment where the results showed that a 90% detectability rate could be

achieved. However, this technique has a lot of limitations especially the issue of dis-

tribution of the Bluetooth tags, and the range and power consumption of the tags.

Therefore, in this thesis, we will focus on the device-free techniques where no car-

ried devices are required for the occupancy estimation algorithm to work. In [11],

the authors performed a new hybrid mechanism for occupancy estimation based on

utilizing two kinds of information, which are static received signal strength indicator

(RSSI) obtained from radio frequency identification (RFID) tags and dynamic RSSI

taken by scattered deployed sensors.

Device-free occupancy estimation techniques utilize two main technologies, RF

(radio frequency)-based and imaging-based (camera) technologies. In case of imaging-

based occupancy estimation, researchers in [12], [13], and [14] make use of the camera

systems to estimate the occupancy of a certain area by performing image processing

algorithms. In [13], the authors proposed a new technique for crowd counting using

feature extraction algorithms derived from a video based cluster. In [14], the authors

estimated occupancy inside a region using a camera by dividing the area into sectors.

After that, image processing techniques are used to extract features from the images

and estimate the total occupancy. They were able to achieve up to 92% accuracy

rate. One of the limitations of these methods is that cameras have a certain field of

vision, in order to cover a wide space, extra cameras will be required which will add

a large amount of processing and cost to the system. Moreover, the quality of the

received image depends mainly on the environment condition changes like smoke, fog,

and lighting. Thus, better results will be obtained in case of higher quality images

acquired by the camera (highly environment dependent method). In addition, the

privacy issue is a concern when collecting pictures or videos of people without their

permission.

A lot of studies have discussed the possibility of using RF-based technologies for

3



occupancy estimation as in [2] (Wi-Fi-based), [3; 15], and [4] (Long Term Evolution

(LTE-based). In [2], authors have estimated the total number of people based on

the RSSI between only one transmitter (Tx) and one receiver (Rx) connected to the

same Wi-Fi network. In addition, they formulated a mathematical model to describe

the human motion and they used this model to generate a theoretical formula for

the RSSI probability density function (PDF) used in the occupancy estimation algo-

rithm. They were able to estimate up to 9 people in indoor and outdoor environments

with an accuracy up to (88%− 95%). In [3], knowing that channel state information

(CSI) is highly sensitive to variations in environment and people movement, the au-

thors performed theoretical and experimental analysis of their device-free occupancy

estimation system, their results showed that a direct and monotonic relation exists

between the number of people and CSI variations. Lastly, using LTE in occupancy

estimation is not as popular as Wi-Fi-based occupancy estimation because Wi-Fi is a

more developed and mature technology than LTE. However, the authors in [4] have

proposed a very attractive technique for occupancy estimation based on the varia-

tions in the LTE signals specifically the reference signal received power. Their results

showed how the number of people in an indoor environment can be related to changes

in the LTE signal by varying the position of the LTE receiver.

In this thesis, we introduce the idea of using visible light sensing (VLS) in crowd

counting and estimation. The EM spectrum varies from long waves with very low

frequency to gamma rays with high frequency and consequently includes wavelengths

extending from numerous kilometers for long waves down to the size less than an atom

for gamma rays [16]. A different way to inspect visible light is the colors it provides.

The colors that can be produced by visible light within various and small frequency

band are called pure spectral colors. Table 1.1 in page 5 shows the approximate

spectral colors of visible light [1]. However, VL is still not utilized by applications

other than illumination. Our system utilizes VL for occupancy estimation purposes
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and does not interfere with other applications unlike RF-based techniques. Since

light sources (LEDs) are available everywhere and power efficient [8], our method

does not need to have a dedicated transmitter (available light source will be used

as the transmitter). The VLS is a cost-effective novel approach and is not yet fully

explored in research. Nonetheless, in [17], the authors suggested the using VLS in

several applications such as, Human-Computer Interaction (gesture recognition), and

indoor localization.

Color Wavelength Frequency

Violet 380-450 nm 668-789 THz

Blue 450-495 nm 606-668 THz

Green 495-570 nm 526-606 THz

Yellow 570-590 nm 508-526 THz

Orange 590-620 nm 484-508 THz

Red 620-750 nm 400-484 THz

Table 1.1: Approximate spectral colors of visible light.

As shown from Figure 1.1 the problem of low bandwidth in the RF spectrum is

resolved by the use of VL due to the ability to use large bandwidth. In VLC, the

receiver can receive only light that befalls in the same room and thus, it has the

immunity security issues that occur in the RF communication system. Consequently,

VLC can be used as a source of communication and illumination; it saves extra power

compared to RF. Keeping in view the above benefits, VLC is one of the encouraging

candidates because of its characteristics of non-licensed channels, high bandwidth,

and low power dissipation. From the above points, the idea of VLC is to complement

RF wireless systems, which lack satisfactory bandwidth, hence a low data rate.
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1.2 Applications of Visible Light

The following are short list of some of the applications for visible light sensing and

communication in our daily life.

1. Power saving and distribution inside buildings: the idea of using VL in regulat-

ing heating, ventilation, air conditioning (HVAC) and lightnings is one of the

most outstanding applications for VL because it defiantly benefits in diminish-

ing power while it keeps the same level of comfort to people.

2. Medical applications: the approach of using VL in medical purposes is one

of the most significant research fields that we in WCSRL focus in. As we

know, using Wi-Fi or RF is not a great scheme in hospitals because it might

produce some dilemmas to patients, for instance, the rays generated from an

RF machine will cause so many problems for a patient experiencing high blood

pressure moreover, it might cause some interference with the medical machines

and equipment. It has been shown in [18] that RF might influence the work

of some machines in hospitals such as pacemakers, apnea monitors, electrically

powered wheelchairs, etc.

3. Acoustic communication: underwater communication is still considered one of

the obstacles in RF communication that could be resolved using the concept of

VL. The tremendous cost for underwater communication using RF, the tough

deployment, and high power consumption cause data rate degradation problem.

Consequently, VL can be deemed as a desirable replacement approach [19].

4. Public places: one of the most beneficial applications for VL in the outdoors

conditions is the vehicle to vehicles communication (V2V), which is very helpful

in the pre-crash system. Using LED can accommodate potential to have com-

munication going from traffic light to the car when there is a collision ahead of

time. This could avoid likely later accidents.
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Some other uses for VL could be reducing catastrophic issues like the exposure of

obstacles in airplanes motors and parts so that it can be mended on time. Fatigue

crash can be seen using VL and this will help in reducing any accidents with less

human effort, on the other hand, human eye could not see fatigue crash. Meanwhile,

heavy thunderstorm or fog, moving the aircraft for grounding is not a straight-forward

operation, but it could be manageable with the aides of this technology because

information regarding climate fluctuations could be transferred within VL [20], [21].

1.3 Visible Light Challenges

Since VL still in the beginning steps, it has many critical dilemmas and constraints

that need to be approached. First of all, visible light can go through most objects

in our daily life and this could be a security advantage and could be a coverage

disadvantage. On the other hand, if you look under the table you can still see even

though there is no visible light source, and this might be considered a limitation

because it can prevent our signal from broadcasting to other places. Furthermore,

obtaining an ideal LED that can be used for communication and illumination as well

is very costly. In addition, multipath distortion is one of the prominent problems that

need to be addressed for visible light since RXs can receive various images of the signal

concurrently and this might cause interference. Also, the interference from sunlight is

considered an issue for visible light. Lastly, lights need to be on for communication and

this is the case for vast majority of industrial, retail, and commercial environments,

during daylight we do tend to switch off lights so that we need to find another source

for power if we desire to use VL during the day.

1.4 Research Areas in Visible Light

The following are some of the active research areas of visible light:

1. Energy saving in VL: the concept of using energy efficiently and intelligently is
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known as power saving. Energy conservation diminishes the demand for energy

services and can result in an eco-friendly environment, economic advancements,

more prestigious and longer life quality [22].

2. Designing hybrid systems, VL systems and RF systems: in some cases, using

a hybrid system will result in more efficient and powerful impacts since it will

benefit from both the advantages of both VL and any other methods that could

be performed in the system [17].

3. Channel modeling, understanding, and transmission algorithms in VLS: know-

ing different information and data about the channel state information (CSI)

and how to model these kinds of data in the most useful way and utilise it in

VLS is still one of the most active research areas.

4. V2V communication: it is an automobile technology invented to enable auto-

mobiles to ”talk” to each other. This idea can be implemented using VL [23].

5. Localization addressing problems using VLS: visible light positioning systems

aims to estimate the position of the objects by utilizing LED [24].

6. Occupancy estimation and localization using VLS.

We will be working in occupancy estimation, localization, and sensing using VL, we

have taken some measurements and did some processing for the data to get useful

information that can lead to determining the total number of occupants inside an

environment. We also derived a mathematical model to describe our set up environ-

ment.

1.5 Organization of Thesis

This thesis will be divided into four main chapters: in Chapter I, an introduction to

visible light sensing and communication, applications for visible light, challenges, and

8



research ideas will be presented. State of the art occupancy estimation techniques

will be presented in Chapter II. In Chapter III, examining the proposed model for

occupancy estimation based on visible light sensing will be presented. Conclusions

and future research directions will be addressed in Chapter IV.
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CHAPTER II

State of the Art Occupancy Estimation Techniques

In this chapter, we are going to take a detailed look at occupancy estimation tech-

niques and the definition of occupancy estimation. Determining the number of people

inside a particular region is known as occupancy estimation or crowd counting. Dur-

ing the last century, researchers have proposed so many techniques to do that, all of

them can be categorized as:

• Occupancy estimation using video based techniques [12], [13], and [14].

• Occupancy estimation using non-video based techniques such as RF, Wi-Fi,

long term evolution (LTE), and Bluetooth [2], [3; 15], [4].

In video-based schemes or sometimes it is called device free schemes, people do not

carry any devices or sensors with them, it is easy to install, and repair, also it is

affordable. The main dilemma for those techniques are that cameras have to work

in the line-of-sight (LOS) in order to find the accurate occupants, otherwise, it will

not work. Besides, the quality of the obtained image depends essentially on the

environmental variations like smoke, fog, and rain, so that if the obtained image has

high quality then we will get ideal outcomes. Otherwise, it will not give us high-

quality outcomes. Furthermore, some people consider taking pictures or videos of

them without permission a privacy issue [12].

The authors in [12] introduced an innovative approach to address the difficulty of

predicting the number of people in surveillance views. The proposed method combines

a MID (Mosaic Image Difference) based foreground segmentation algorithm and a

10



HOG (Histograms of Oriented Gradients) based head-shoulder detection algorithm

to implement an exact evaluation of occupancy estimation in the detected region.

In the same paper, the MID-based foreground segmentation module gives effective

blocks for the head-shoulder exposure module to identify heads and calculate the

number of people. Diverse analyses are handled and impressive outcomes express the

effectiveness of their approach. In [14], image segmentation and feature extraction

using genetic algorithms and machine learning techniques have been used to determine

the total number of occupants inside a closed area. They calculate the performance

metrics like precision rate, recall rate, and accuracy and compare their results with

previous results.

On the other hand, in [2] the authors have estimated the total number of people

based on the received signal strength indicator (RSSI) between only one transmitter

(Tx) and one receiver (Rx) located under the same Wi-Fi as shown in Figure 2.1. In

addition, the authors have discovered a mathematical equation to express the human

movement and they used this mathematical equation to verify that their approach

works fine. They were able to count up to 9 people in indoor and outdoor scenes.

A different approach for crowd estimation is based on the variations in the Channel

State Information (CSI), since CSI is extremely sensitive to changes in environmen-

tal fluctuations, this idea has been used in estimating the number of people inside a

closed-door area. The authors in [3] introduced a device free crowd counting (FCC)

procedure based on variations in CSI. They did a theoretical and experimental in-

vestigation for the suggested scheme, their results show that a direct and monotonic

relationship exists between the number of people and CSI variations. They have

shown that their approach works well compared to other approaches in terms of ac-

curacy, scalability, and reliability. They compared their work to [25] and showed that

their approach outperforms the one in [25].

Figure 2.2 shows the crowd estimation results for both Sequential Counting Par-
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Figure 2.1: Transmitter and receiver to determine the total number of people [2].

allel Localization (SCPL) and FCC respectively, it can be easily noticed that the

estimated number of people usually fluctuates and never gives accurate results in

SCPL. The authors shown that 45% results are accurate. On the other hand, FCC

shows more stability due to the intensive devices needed in SCPL links.

On the other hand, the use of long term evolution (LTE) signals for physical

analysis ideas has gained limited attention than the use of Wi-Fi probably for the

pragmatic reason that Wi-Fi technologies are around for a long time. Nevertheless,

this does not mean that LTE is not used in crowd estimation. In [4], the authors

have offered a highly attractive procedure that is used in occupancy estimation in

indoor environments. In fact, they have done a number of experiments to judge the

relation between the number of people and the variations in the LTE signals. Their

12



Figure 2.2: Comparison results from [3].

conclusions show that they were capable to distinguish the correlation between the

number of people and the changes in the LTE signal. They did not give an accurate

amount for the number of people but they were able to do some classification. Figure

2.3 shows their results, All of the beforehand discussed algorithms can be viewed as

device free based approaches, one of the most attractive and familiar device-based

strategies is the use of Bluetooth to count the number of people inside an environment

as in [5]. The authors suggested using Bluetooth low energy (BLE) tags that can be

scattered to the people, after that using smartphone equipped with Bluetooth reading

application, the authors calculated the number of people. They did an extensive set of

experiments lasted for the most gathering and crowded 5 days in the year (The Hajj),

there will be around 5-6 million people in an area as small as Stillwater, Oklahoma).

The results show that 90% detectability rate could be achieved. See Figure 2.4 for

the system model used in [5].

13



Figure 2.3: PDF for received signal for different number of people [4].

Figure 2.4: System architecture [5].
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CHAPTER III

Occupancy Estimation through Visible Light Sensing

3.1 Introduction

During the last few years, the average energy consumption in the world is getting very

huge and growing rapidly. In fact, Oklahoma is one of the most productive states

for gas in the US and so many studies show that the average energy consumed per

person (per capita) is greater than 75% of the other states [26].

As all of us know, the world population is increasing rapidly and the demands

for comfort and building services is growing dramatically, which also leads to the

exhaustion of energy resources and adverse environmental impacts. Because of that,

it is the job of leading organizations to raise awareness about the increasing rate of

energy consumption and contribute toward mitigating it by being more efficient in

the use of energy. Consequently, an essential need for effective, adaptive as well as

feasible solutions that decrease energy consumption in buildings while maintaining

the current levels of comfort is prominent. The use of visible light as a source of

communication can help in the reduction of consumed energy by trying to control

heating, ventilation, and air conditioning in large buildings (HVAC). The way we

control this is by trying to predict the total number of people inside a building. On

the other hand, occupancy estimation has so many advantages in the business and

marking. For instance, in the big retail stores like malls we can know which palaces

are more crowded than others, so we can make more announcements over the crowded

places to help attract the customers attention. Another important place in need of

occupancy estimation using VLS is airports. Knowing the crowded places in airports

15



can help in managing and directing more staff toward these places. We can do more

announcements and advertisements to attract visitor attention. The main advantage

for visible light is that there are no extra installment jobs needed, it is everywhere

around so, we can benefit from it and increase its utilization as much as we can [8; 6].

3.2 System Model

Our system model is presented in Figure 3.1, where we showed a number of people

randomly walking in the environment, some of them crossing the line-of-sight (LOS)

and the others are not. In this system model, we described a simple case where some

people block the light beams. In this case, the light detector calculates the received

light intensity from the reflected light beam when someone passes by and interrupts

the beam. The received light intensity will decrease by a noticeable amount. Once

the PDF and CDF of the received power are found, using simple signal processing

algorithms and machine learning tools, we will be able to estimate the number of

occupants in the room. Although finding a mathematical model for human walk is

a challenging problem and not in the scope of this thesis, we assumed that people

in our environment are walking in a simple probabilistic motion model as introduced

by [2] (for simplicity). Based on this model, we derived a mathematical model for

the received signal power, which will be impacted by the number of people crossing

the LOS1. After building a database for the possible PDFs and CDFs of the received

power under different number of occupant scenarios, the PDF obtained is compared

with the database to select the best estimate for the occupancy of the room.

1Although there are some components from the non line-of-sight (NLOS) at the receiver, we
assumed that the LOS is the main contributor to the received signal (for simplicity of the theoretical
analysis).
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Figure 3.1: Occupancy estimation system model.

3.3 Theoretical Analysis

In this section, we will provide theoretical analysis for the received light power. Fol-

lowing that, we provide the simulation results. For a tractable mathematical analysis,

we assume there is no scattering and multipath fading. We started our derivation

with the received power as follows

y = Cd−γ + ω, (3.1)

where y is the received signal power, C is a constant, which incorporates the losses,

transmit power, etc, d is the distance between the transmitter and the receiver, γ

is the path loss exponent, which has direct relation to the environmental conditions,

and ω is the additive white Gaussian noise (AWGN) with mean (µ) and variance (σ2).
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Figure 3.2: Taking Measurements.

PDF expression of ω is given by

fW (ω) =
1√

2πσ2
e−

(ω−µ)2

2σ2 . (3.2)

Since there are two possible values for the received power, the path loss exponent

follows the Bernoulli random distribution with the values of no-crossing as γ0 and

crossing as γc. On the other hand, the probability mass function (PMF) (Pr) of k

number of people crossing among N people can be modeled by Binomial distribution,

i.e., the probability of k successes in N independent experiments. Therefore, the

PMF is given as

Pr(k;N,Pc) = Pr(X = k)

=

(
N

k

)
P k
c (1− Pc)N−k,

(3.3)

where k = 0, 1, 2 ...N where Pc is the probability of crossing. In [2], the authors

modeled the casual walking and found that the asymptotic probability of a cross (Pc)

of a single person can be characterized as Pc = 2dstep
πL

, assuming dstep is the total

18



distance traveled by the occupants and L is the length of the testing area (room).

The probability of no-crossing is given by

Pr(γ0) = Pr(X = 0) =

(
N

0

)
P 0
c (1− Pc)N−0

= (1− Pc)N .
(3.4)

Similarly, the probability of at least one crossing can be obtained as

Pr(γc) = Pr(X ≥= 0)

= 1− Pr(γ0) = 1− (1− Pc)N .
(3.5)

Therefore, the PMF of path loss exponent is

γ =

γo, (1− Pc)N

γc, 1− (1− Pc)N
(3.6)

From the theory of mixed random variables [27], it is known that for a discrete

random variable X with range RX = x1, x2, x3, ... and PMF Px(xk), we can define the

(generalized) PDF by using Delta Dirac function as

fX(x) =
∑
xkεRx

Px(xk)δ(x− xk). (3.7)

Hence, the PDF of γ can be given as

fγ(γ) = (1− Pc)Nδ(γ − γ0) + (1− (1− Pc)N)δ(γ − γc). (3.8)

Now, let x = g(γ) = Cd−γ then, using the transformation of random variables

[27], the PDF of x can be obtained as

fX(x) = fγ(g
−1(x))

∣∣∣∣ ∂∂xg−1(x)

∣∣∣∣ , (3.9)
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given

γ = g−1(x) = logd

(
C

x

)
, (3.10)

and

dγ

dx
=

d

dx
g−1(x) =

1

x ln(d)
. (3.11)

We have

fX(x) = fγ

(
logd

(
C

x

)) ∣∣∣∣ 1
x ln(d)

.

∣∣∣∣ (3.12)

Then, by substituting (3.8) in (3.12),

fX(x) =

∣∣∣∣ 1

x ln(d)

∣∣∣∣
{

(1− Pc)Nδ
(

logd

(
C

x

)
− γ0

)
+

(1− (1− Pc)Nδ
(

logd

(
C

x

)
− γc

)}
. (3.13)

Finally, given the PDF of x and ω, we can now derive the expression for the PDF

of received power:

y = Cd−γ + ω = x+ ω, (3.14)

which is nothing but convolution of PDFs, hence the PDF of y is given by

fY (y) = fX(x) ∗ fW (ω) =

∫ −∞
−∞

fX(x)fW (y − x)dx, (3.15)

substituting (3.2) and (3.13) into (3.15), we get:

fY (y) =

∫ ∞
−∞

∣∣∣∣ 1

x ln(d)

∣∣∣∣ 1√
2πσ2

e−
(y−x−µ)

2σ2{
(1− Pc)Nδ

(
logd

(
C

x

)
− γ0

)

+ (1− (1− Pc)N))δ

(
logd

(
C

x

)
− γc

)}
dx, (3.16)

20



by using the U -substitution and the shifting property of the Dirac Delta function [28],

the PDF of the received signal power can be obtained as

fY (y) =
1√

2πσ2

{
(1− Pc)Ne−

(y−µ−Cd−γ0 )2

2σ2 +

(1− (1− Pc)N)e−
(y−µ−Cd−γc )2

2σ2

}
, (3.17)

Finally, by integrating (3.17), we can readily obtain the CDF expression as

FY (y) =
1

2

{
(1− Pc)N

(
1 + φ

[
(y − µ− Cd−γ0)√

2σ

])
+

(1− (1− Pc)N)

(
1 + φ

[
(y − µ− Cd−γc)√

2σ

])}
, (3.18)

where φ(x) is the error function of x defined by [29]:

φ(x) =
2

π

∫ x

0

e−t
2

dt. (3.19)

In statistics, such distributions are called as finite mixture, also known as mixture

distributions [30].

3.4 Occupancy Estimation Algorithm

First of all, we need to generate PDFs and CDFs database2 for each occupancy

scenario. After finding the received power PDF and CDF during the simulation. We

have to compare this PDF with the PDF in the database using two methods, KL-

divergence and Euclidean distance. The nearest PDF in the database which minimizes

the distance with the obtained PDF during the simulation will give us the estimated

occupancy.

2Measurements are collected for a known number of people to generate the PDFs.
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The KL-divergence is the logarithmic difference between two PDFs as shown

in (3.20), which also can be called the entropy estimation. Fundamentally, KL-

divergence measure how one PDF deviates from another. For discrete probability

distributions f1 and f2, the KL-divergence from Q to P is defined as shown in (3.20),

[31], which can be denoted by DKL(f1||f2).

DKL(f1||f2) = −
∑
i

f1(i) log
f2(i)

f1(i)
=
∑
i

f1(i) log
f1(i)

f2(i)
. (3.20)

On the other hand, the Euclidean distance is the straight line connecting two points

p and q. In Cartesian coordinates, if p = (px, py) and q = (qx, qy) are two points in

Euclidean space, then the distance (d) from p to q is given by [31]

D(p, q) =
√

(qx − px)2 + (qy − py)2. (3.21)

3.5 Simulation and Analysis Results

The parameters which we used in our simulations3 are as follow:

• Probability of crossing the LOS, Pc = 0.2.

• Noise variance (power), σdB = −10 dB.

• Noise mean, µdB = 4 dB.

• Channel constant, CdB = 10 dB.

• Path loss exponent when there are no people crossing the LOS, γ0 = 1.

• Path loss exponent when there is at least one person crossing the LOS, γc = 4.

3These parameters have been selected for illustration purposes. The results/insights will not
change with these numbers. It is expected to get more realistic parameters when have some real
measurements data.
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Figure 3.3: Comparison results between the theoretical and simulated CDF.

In Figure 3.3, a comparison results between the theoretical and simulation CDF for

different number of people is shown. It is observed that both the simulated (dashed

lines) and the theoretical (circles) CDFs are on top of each other that proves the

validity of our approach.

In Figure 3.4, a comparison results between the theoretical and simulation PDFs

for different number of people is presented. Similarly, the theoretical and simulation

results are matching with each other in case of CDFs. Furthermore, as the room

occupancy varies, the PDF and CDF of the received power changes. As expected,

higher number of people increases probability of crossing the LOS, which decreases

the received power. Therefore, the first peak (modal) in the PDF is higher and the

second will be lower. Similarly, if there are fewer people crossing the LOS, then the

probability of the received power will be higher, which indicates the first peak will be

lower and the second peak will be higher. These two scenarios are clearly shown in

Figure 3.4 for different number of occupants.
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Figure 3.4: Comparison results between the theoretical and simulated PDF.

In Figure 3.5, the KL-divergence for a different number of people is shown. As we

mentioned earlier, the argument that minimizes it will be our approximate occupants.

It is shown for four different cases how the algorithm will estimate the occupancy

correctly depending on the minimum value of KL-divergence between the database

PDFs and the measured PDF.

In Figure 3.7, we showed how the mean square error (MSE) decreases as the num-

ber of samples used in the PDF calculation increases, this implies that our algorithm

requires a large number of samples to be used for the occupancy estimation. Moreover,

KL-divergence is more accurate than Euclidean distance when using less than 1,000

samples in the estimation which can be explained by the fact that KL-divergence is

used to measure the difference between PDFs while Euclidean distance is a general

equation to measure the distance between two points in space.
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Figure 3.5: KL-divergence for different number of people.

3.6 Experimental Results

In this section, we will show our experimental results for PDFs, CDFs, and some of

the statistical parameters that we have investigated. Before we start talking about the

results, lets talk in detail about the hardware equipment’s that were used in taking

the measurements:

1. The Raspberry Pi is an inexpensive, credit-card sized computer that is con-

nected to a computer monitor or TV, with a keyboard and mouse. It allows

people of all ages to investigate computing and to discover how to program in

languages like Scratch and Python. Its proficient of doing everything you would

expect a desktop computer to do, from browsing the internet and playing high-

definition video, to making spreadsheets, word-processing, and playing games

[32].

2. Photo-Diode (PDA-100A2): The PDA-100A2 Photo-diode Array Detector shown

in Figure 3.8 is an optical detector able of estimating the absorbance spectrum
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Figure 3.6: Euclidean Distances for different number of people.

from 190 nm to 800 nm. We have used this photo-diode as our (Rx) ,[33].

3. LED Flash Light: hand-held rechargeable zoom-able LED light has been used

in data gathering process as a sender source (Tx) [34].

In Figure 3.9, a comparison results between the experimental CDF for a different

number of people is shown. It is observed that as the number of people increased the

probability of crossing the LOS will increase resulting in a higher CDF as proved in

this figure.

Besides, the mathematical expectation or sometimes known as the mean which

can be defined as is the central value of a discrete set of numbers: specifically, the

sum of the values divided by the number of values of the data is shown in Figure

3.10, it can be easily shown as the number of people crossing the LOS gets bigger,

the mean of the data gets smaller.

In probability theory and statistics, the variance is the expectation of the squared
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Figure 3.7: The MSE in the occupancy estimation when applying KL-divergence and
Euclidean distance techniques using 50,000 iteration for each case.

difference of a random variable from its mean. Informally, it measures how far a set

of (random) numbers are spread out from their mean. In Figure 3.11, the variance

for different number of people is plotted. As the number of people crossing the LOS

increased the variance of the data increased. The same idea can be applied to the

standard deviation which can be defined as a measure that is used to quantify the

amount of variation or dispersion of a set of data values, in other words it is the square

root of its variance and it is used to measure confidence in statistical conclusions. In

Figure 3.12, the standard deviation of the data is shown.
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Figure 3.8: Photo-detector used in the project.
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Figure 3.9: CDF of the received power for different number of people.
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Figure 3.10: Mean of the data.
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Figure 3.11: Variance of the received power versus number of people.
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CHAPTER IV

CONCLUSION AND FUTURE WORK

4.1 Conclusions

In this research, an innovative system for occupancy estimation using only VLS is

presented. Chapter 1 gives a brief introduction about VLS, its definition, applications,

limitations, and some of the research ideas for visible light sensing. The state of the

art occupancy estimation techniques were presented in Chapter 2. In Chapter 3,

a novel technique for crowd counting and occupancy estimation using only VLS is

proposed. Conclusion and future work were presented in Chapter 4.

LED is utilized as the transmitter and Photo-diode as the receiver. A mathemati-

cal model for the PDF and CDF of the received power is derived. Also, we have used

the KL-divergence and the Euclidean distance algorithms as an estimation methods

for the total number of occupants by stating that the argument that minimize the dif-

ference between the database PDFs and measured data PDF is the estimated number

of occupants. Our simulation and theoretical results for both the PDFs and the CDFs

were matching. Finally, it was shown that KL-divergence performs is more accurate

than Euclidean distance when using less than 1,000 samples in the occupancy esti-

mation. Furthermore, it was shown that our experimental results for both the PDFs

and the CDFs were comparable to the ones in the simulation and the theoretical

consequences.
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4.2 Future Work

The following are some of the fundamental concepts that could be examined and

studied more in detail and provide more outcomes to the field of visible light sensing

and communication:

• The use of various algorithms for occupancy estimation using visible light sens-

ing and performing a comparison to see which one is the most applicable in

real life: as discussed in the earlier chapters, different algorithms may be im-

plemented using visible light to find occupancy estimation.

• Develop a comprehensive scheme that can regulate HVAC and lighting: power

saving is one of the most important concerns researchers aspiring to achieve

in several sections of research. Developing a complete system that can control

and manage HVAC using VLS based on occupancy estimation is considered as

future work.

• Studying the scattering effect of visible light sensing: this is one of the most

important issues in VLS and VLC. In this thesis, we have scattering effects

caused by the surrounding objects in the field and these objects reflect light

from the Tx. We will study the effects of scattering in the up coming future

works.

• Solving the synchronization problem between various receivers: using multiple

PDs and study the RSSI and see the impacts for using multiple receivers on the

system are other future research directions.
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