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Abstract

Localization is the process of finding an object’s position within the space that it is situated in.
Localization can be categorised into two types, indoors and outdoors. Outdoor localization is
already a matured technology which mainly relies on well-known positioning satellite systems
such as Global Positioning System (GPS) and GLObal NAvigation Satellite System
(GLONASS). However, the indoor localization is still a growing area of research. Visible Light
Positioning (VLP) has been getting the attention of researchers due to several advantageous
factors. VLP is more accurate than many of the competing techniques. As Light Emitting Diode
(LED) based luminaires have become an integral part of the indoor lighting systems in modern
buildings and residences, such lighting infrastructure can be leveraged for localizing objects.
The VLP systems are also suitable in places like hospitals and airports due to the fact that LED
does not generate electromagnetic interference which can potentially affect the operation of
many equipment used in those places. This doctoral research develops novel techniques and

applications for VLP, and these are fully supported by experimental results and data analysis.

Fingerprinting is a common positioning method used in VLP systems that employs Received
Signal Strength (RSS) as the signal characteristics. Weighted K-Nearest Neighbour (WKNN)
is one of the most popular algorithms for such localization systems. This thesis investigates the
impact of distance metrics used to compute the weights of the WKNN algorithm on the
localization accuracy of the VLP. Experimental results show that Squared Chord distance is
the most robust and accurate metric and significantly outperforms the commonly used

Euclidean distance metric.

Robot navigation is one of the many potential applications of VLP. Recent literature shows a
small number of works on robots being controlled by fusing location information acquired by
VLP that uses rolling shutter effect camera as a receiver with other sensor data. In contrast, this
thesis reports the experimental performance of a cartesian robot that was controlled solely by
a VLP system using a cheap photodiode-based receiver. Two different methods (Direct Method
and Spring Relaxation Method) were developed to leverage the VLP as an online navigation
system to control the robot. The experiments consisted of the robot autonomously repeating
various paths multiple times. The results show that both methods offer promising accuracy,
with Direct Method and Spring Relaxation Method reaching the target positions of median /

90-percentile error of 27.16mm / 37.04mm, and 26.05mm / 47.48mm respectively.



The operation of VLP is very much dependent on the line of sight (LOS) link between the
luminaires and the receiver. Unfortunately, in a practical environment, luminaires are
positioned to serve illumination needs. Therefore, enough luminaires may not be visible for the
purpose of positioning the target. One way to compensate this would be to utilise an ultrasound
system to eliminate the “blind spots” of the VLP system. The final part of this work consists
of a study of the ultrasound based indoor localization. A bespoke system employing an
ultrasonic array to transmit chirp signals and time of flight measurement for ranging was
developed. The position of the receiver is estimated iteratively using the spring relaxation
technique. The spring relaxation technique, which has not been used for ultrasonic localization
in the literature, outperforms the widely adopted linear least square-based lateration technigue.
The experimental results show that the ultrasonic system can be a viable option for fusing with

a VLP system.
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Chapter 1 - Introduction

Knowing where you are and your position in relation to the surroundings is called context-aware
localization. One of the best-known context-aware localization methods used in the outdoor
setting is the Global Positioning System (GPS). This satellite-based positioning has been
popularly used for numerous applications. However, GPS cannot be reliably applied in an indoor
environment due to the signal attenuation caused by the structural material in the building.
Consequently, other technologies have been researched for indoor localization systems. Indoor
localization research is a growing field, as it has not reached the same level of scalability and
adoption rate as that of GPS. The proliferation of modern smart phones, efficient and energy
saving wireless sensor nodes, wearable devices, and Internet of Things (loT) technologies have
all contributed to the rising popularity of this research area. Wireless technologies like Wi-Fi
[1], Radio Frequency ldentification (RFID) [2], Ultra-Wide Band (UWB) [3] and ZigBee [4]
have been proposed and investigated for indoor localization systems. However, with these
systems, the localization error can be large (sometimes in the order of meters) due to the effects
of multipath. Wireless localization is also vulnerable to interference. Ultrasonic localization [5]
can be very accurate. However, they require the deployment of significant additional
infrastructure. Researchers have used magnetic fingerprinting techniques [6] for indoor
localization. Although these techniques do not require additional infrastructure, their accuracy
(often in the order of meters) is not good enough for most applications, and they are susceptible
to ferromagnetic perturbations. Magnetic fingerprinting is useful as a complement for other
localization techniques especially when the primary system is experiencing poor conditions
[7]. Light Detection and Ranging (LIDAR) [8] and computer vision-based [9] techniques
solutions offer much lower error, in the order of millimeters. But they are costly and require
significant computational power. In recent years, Visible Light Positioning (VLP) [10] have
attracted a lot of attention within the research communities. This is because Visible Light
Communication (VLC) [11] technologies have the potential to replace wireless communication
technologies in the near future. The potential advantages include lower costs due to the ability
to leverage existing infrastructure, durability, and environmental friendliness. However, most
importantly from the localization perspective, visible light-based systems have the ability to
estimate an object’s location to a high degree of accuracy [12], which is in the order of less

than 3cm for mean error.



1.1 Visible Light Positioning

In VLP systems, LED luminaires are used as the transmitting beacons with either Photo Diode
(PD) or camera as the common receiver sensor attached to the tracked object. Both the sensors
come with inherent advantages and disadvantages. While cameras may allow more
sophisticated communication schemes [13], PD based receivers are considerably cheaper and

energy efficient [14] and incur less computational cost [15].

Signal characteristics that are most commonly discussed in literature for localization are
Received Signal Strength (RSS) [16], Angle of Arrival (AOA) [17], Time of Arrival (TOA)
and Time Difference of Arrival (TDOA) [18]. RSS is the most common approach because it
can be done using a single photosensor and does not require synchronized hardware which
keeps the cost and complexity of implementation low [19]. AOA implementations generally
require more than a single photosensor or specialized optics [20]. TOA and TDOA based
systems require highly synchronized hardware which increases the cost of implementation
[18].

Visible light positioning algorithms can be broken down into three major categories: proximity,
fingerprinting and model based techniques [21]. In some cases, the former two techniques can
be considered to be simple and use less complex algorithms to estimate an object’s position as
compared to the latter. Model based positioning often utilizes the concept of signal ranging.
The target that has the photosensor attached to it senses the signals from multiple light sources
or luminaires and the distance from each luminaire (range) are estimated using a characteristic
of the received signal and a model of the falloff of the light. The position of the object relative
to the luminaires can then be determined using a lateration algorithm. Examples of model based

localization systems using lateration can be found in [12, 22].

For a fingerprint-based system, a position within the target floor space is characterized as an
ID which is made up of a vector of the detected RSS (or other signal characteristic) from each
of the luminaires. An offline database is thus constructed by taking a set of RSS measurements
that uniquely identify select locations within the space that the object is localized in. Once the
construction of this database is complete, localization of the object is performed by capturing



the current signal and then running a classifying algorithm or a regressor to determine an

estimate of the position based on the offline database [23].

1.2

Research Objectives/Questions

The literature review on VLP identified some clear gaps that need to be addressed. Based on

this, the PhD work had three clear objectives to improve state of the art of VLP.

Majority of the VLP systems found in the literature’ showing high accuracy is
theoretical in nature and typically report simulation-based results. The practical
implementations found in the literature are a) often limited to small-scale testbed; b)
use specialised expensive luminaires and components; and/or c) operate within a
controlled environment. Therefore, the focus was on room-scaled implementation of
VLP using commercial off-the-shelf (COTS) luminaires and electronic components.
Weighted KNN (WKNN) is among the most popular algorithms for fingerprint based
VLP systems. Therefore, a major objective of this PhD work is to improve the accuracy
of the WKNN algorithm.

Robot navigation is one of the many potential applications of VLP. However, there is
a noticeable lack of works that utilize VLP for controlling a robot. Recent literature
shows only a small number of works on robots being controlled by fusing location
information acquired by VLP that uses Rolling Shutter Effect (RSE) camera as a
receiver with other sensor data. There is no reported work that has used only a
photodiode based VLP to control a robot. Therefore, another objective of this PhD work
is to develop and implement novel algorithms to control the movement of a robot, solely
by a photodiode VLP system in real time.

Visible Light Positioning is envisioned to leverage pre-existing lighting infrastructure.
The number of the luminaires and their respective positions are therefore dictated by
the requirements of illumination. It is possible that sufficient number of luminaires may
not be visible at certain locations creating coverage “blind spots” for the VLP system.
Other signal sources can potentially be utilised to supplement the light sources and thus
provide enough information to localise a target. Given the high accuracy of the VLP
system, the supplementary source should also provide very accurate
ranging/localization. Due to such stringent demand, popular RF or wireless based

positioning techniques are not viable. Literature review shows that ultrasound-based

1 Circa 2018 (at the start of the PhD)



positioning can be very accurate. The final objective of this thesis is to evaluate the
efficacy of ultrasound-based positioning. In particular, the goal is to
o develop and implement an ultrasonic positioning system that is very accurate
allowing it to potentially address the lack of sufficient number of visible
luminaires.
o adopt a localization algorithm for the ultrasonic system that has been used for
VLP; thus, making a seamless integration viable.
o benchmark the ultrasonic system’s accuracy against a VLP system with both

systems being deployed in the same environment.

1.3 Contribution

By meeting the objectives outlined in the previous section, the PhD work makes the following

original contribution to improve the state of the art of VLP:

e The impact of distance metric on the performance of the WKNN algorithm for a VLP
is demonstrated. It is shown that the Squared Chord Distance (SCD) is the most robust
distance metric and provides better localization accuracy than the commonly used
Euclidean distance (ED). This is the first work, as far as we are aware of, that
investigates the impact of distance metric on the performance of the WKNN classifier
within the context of indoor localization.

e Two novel algorithms are proposed and implemented to control the movement of a
cartesian robot, constructed in the form of a 2D Computer Numerical Control (CNC)
machine, solely by a VLP system in real time. This also allowed to objectively evaluate
the efficacy of a PD-based VLP system for controlling a robot. Based on the
experimental results collected while the robot is traversing multiple path patterns, both
algorithms show promising accuracy. As far as we are aware of, this the first work that
utilizes only a PD- based VLP system to control the movement of a robot.

e This thesis presents the first study to benchmark the accuracy of an ultrasonic
positioning system against a VLP system using the same platform setup. We apply the
spring-relaxation algorithm for ultrasound indoor localization in a realistic sub-room
scale environment. The weights, analogous to the Young’s modulus, of the springs are

adjusted to mitigate the ranging error resulting from multipath interference. To the best



of our knowledge, this novel concept of utilizing springs of varying stiffness to mitigate

multipath interference has not been reported in the literature.

14 Thesis Outline

This thesis details the accounts of work, experiment results as well as findings in the following

chapters:

Chapter 2:

Chapter 3:

Chapter 4:

Chapter 5

Chapter 6

This chapter presents the fundamentals of visible light positioning. It describes
the three categories of indoor localization techniques using visible light, these
are proximity, fingerprint and model-based techniques. It also describes how
ranging is obtained using model-based technique. From there it leads to object
localization using the 2D lateration algorithm, based on Linear Least Square

(LLS) and Weighted Linear Least Square (WLLS) Positioning methods.

The chapter describes the experimental set up to attain accurate location
estimates for VLP system using the Weighted K-Nearest Neighbour (WKNN)
classifier. WKNN is a machine learning algorithm that relies on the collection
of the offline location fingerprinting database to infer the online position of a
target object or device. The impact of distance metrics used to compute the
weights of the Weighted K Nearest Neighbor (WKNN) algorithm on the

localization accuracy of the VLP is investigated.

This chapter reports on the successful experimental performance of using
Visible Light Positioning (VLP) as a global guiding system for indoor robot
localization and navigation. Two separate algorithms are proposed to leverage

the VLP as an online navigation system to control the robot.

This chapter reports the development and experimental results on Ultrasound
Indoor Localization (UIL) system based on Spring Relaxation (SR) technique.
Latter part of the chapter looks at benchmarking the UIL with VLP using the

same platform.

This provides the summary of the PhD work that addresses several gaps in the
literature of visible light positioning as well as some pointers for the future

work.
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Chapter 2 — Visible Light Positioning Fundamentals

It is predicted that the next generation of wireless communication technology will be based on
Visible Light Communication (VLC). VLC technology might not be able to replace the radio
frequency (RF), but in some areas it certainly can outperform the Wi-Fi, Bluetooth and UWB
technology, especially with regards to indoor localization application. This has given rise to

the concept of VLP or Visible Light Positioning.

The data transmission is done by encoding the information through modulating the frequency,
amplitude, or both of the optical light signal. At the receiver end, there is a photo detector that
can demodulate the information back to its original signal format. The benefit of VLC is that
commercial of-the-shelf (COTS) light emitting diode (LED) and common photodiode sensor
can be used as the transmitter and the receiver respectively. When transmission of data is
carried out by more than one LED, the most common method of data protocol will be based on
time division multiplex (TDM) or frequency division multiplex (FDM) [24]. Figure 2.1 shows
the data transmission from two light sources sending individual data information to the receiver

unit

LED1 LED2

= 0

Encoded light
‘ signals from 2
“_ light sources

Photodetector/camera

3 of a mobile device

Fig.2.1 Visible light communication from 2 LEDs to a photodetector of a mobile device



Figure 2.2 shows a block diagram of a typical VLC system where signal transmission and
reception take place, yet at the same time ensuring its primary aim to illuminate the room is

not compromised [25].

Transmitter section

Input Sienal
Signal generation data 1gna LED
(from timing circuit |jmmmmmsss)( modulator [ array
or microcontroller) circuit driver

Optical wireless link

Recelver section

Output Photodetector
data Signal : (light ¢
Amplifier ghtto
demodulator '_ P (@ clectrical signal
conversion)

Fig. 2.2 Block diagram of a VLC system, showing data communication through optical wireless link
(at the same time providing illumination to the room)

2.1 VLP techniques

In general, the indoor localization techniques using visible light can be categorised into three
types. These are proximity, fingerprint and model based techniques [21] .

2.1.1 Proximity

The proximity method is the simplest positioning technique out of the three. In this technique,
the position of a mobile device is determined by the signal transmitted by a single LED light
station. Normally each LED light station has its own identity (ID), and this ID is identified with
a particular location or region. Once the mobile device detects the light signal through its photo
sensor receiver, it will send the data information to the processing node which is either the on-
board processor or central computer via ZigBee or Wi-Fi. The processing node will check this

ID and its corresponding position using a pre-stored database or a lookup table which contains
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the information of all the LEDs and their paired-up locations. Due to the inherent granularity,
the distance error for this technique can be in the range of a few meters. Whether the mobile
device is placed just below the LED or a few meters from the LED, the position is the same for
both cases as long as the mobile device is within the exposure of the same light source. Since
proximity-based localization only provides general location of the object, it is not so desirable
for localization of robots and applications where a more precise positioning data are required

(e.g., for robot navigation).

2.1.2 Fingerprint

Fingerprint based techniques, often referred as scene analysis technique, consists of offline and
online phases. During the offline phase, information of light parameter is collected at various
selected positions to construct a mapping data about the environment. Once the fingerprinting
map, termed as the offline fingerprint database, is completed, the online phase which is the
object localization phase will begin. This is done by capturing the current signals from the light
sources, at the photoreceiver of the target unit, and matching it with the data sets in the database
to get its current position estimate. A few known algorithms can be deployed to find the best
match, examples of the classification algorithms are random forest [26] , k-nearest neighbours,

artificial neural networks, support vector machine [27] and Naive Bayes classifier [28].

2.1.3 Model-based technique

This is based on the concept of signal angulation or lateration. Angulation method relies on
measuring the Angle of Arrival (AOA) of received signals with respect to the reference light
sources [29], in order to formulate the target’s location. Whereas the lateration method,
performs ranging ( range is the distance of the receiver from each of the transmitter LEDs of
known coordinates). The unknown receiver’s location is then be determined by using
mathematical spherical equations relating to these distances. For this to work, it requires range
information from minimum of 3 transmitters [30]. Signal characteristics that can be used for
ranging includes RSS, Time of Arrival (TOA) and Time Difference of Arrival (TDOA).

2.2 Received Signal Strength (RSS)



RSS is the most common signal characteristic used for visible light positioning. It is the
received signal intensity which is a function of the distance between the luminaire and the
photodetector. As the photoreceiver is moved further away from the light source, the received
signal strength will be less intense. One advantage of RSS measurement is that it can be done
using a single photodetector and does not require synchronized hardware which keeps the cost
and complexity of implementation low [31]. Measuring AOA requires special optic with array
of sensors in order to measure the incident angle with high accuracy [32], thus putting more
cost on the hardware implementation. TOA and TDOA measurements require strict
synchronization [27] between the hardware modules, essentially leading to high

implementation cost.

2.2.1 Optical Channel Modelling

In using visible light for the purpose of localization, the LED transmitter with a large beam

divergence is often regarded as a Lambertian source that emits light uniformly in all direction.

Thus the transmitter radiant intensity follows the Lambertian radiant intensity [33] which is :

(m+1)

Ry (¢) === cos™¢ (2.1)

where ¢ is the angle of irradiance, the direction angle relative to the transmitter normal axis
(Figure 2.3), and m is called mode number of radiation lobe which is related to @, /, the semi-

angle or half power beam width [34] of the transmitter — refer to Figure 2.4

_ —In2
T In (cos @4/7)

(2.2)

Half power beam width, &, ,, value is normally supplied by the LED manufacturers. A mode

number of m =1 (¥, ,, = 60°) corresponds to an ideal Lambertian source.

At the receiving end, the amount of optical power that a photodiode receives depend on its

effective physical area, ARy Manufacturers usually employ optical concentrator lens to

increase the effective area [33]

Ag,,, = A cos@))Ts@)g () (2.3)
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where T is the filter gain and g is the concentrator gain, A is the area of the photodiode and

Y is the incidence angle (see Figure 2.3).

In a standard photodiode, there is no concentrator, hence these gains can be considered as

Ts(yY) = g(y) = 1 [13], the effective area can therefore be expressed as:

Apr =4 cos(y) (2.4)

In the optical link, the DC channel gain can be modelled as:
Ho () = 2% Ry ($) (25)

where d is the distance (Figure 2.3) between the transmitter and the photoreceiver, and P, is

the transmitter power.

As mentioned earlier, received power depends on the effective area of photoreceiver therefore:

B = Hy(¢) x AR, (2.6)

Transmitter

Photoreceiver

Fig.2.3 Lambertian propagation model
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Fig. 2.4 Polar plot of radiation patterns from Lambertian LED sources, m = (1, 4, 6, 10) corresponding
to @,,, =60° 33° 27°, and 22° respectively [34]

Using equations (2.1) (2.4) and (2.5), B. becomes:

_ & (m+1)

P. =
r d? 2m

cos™(¢) Acos() (2.7)

Note that with @, ,, = 60° (an ideal Lambertian source), m = 1. Equation (2.7) can thus be

further simplified to:
P = d‘:—tn cos (¢)A cos () (2.8)

In Chapter 4, a simplification technique based on equation (2.7) will be introduced. It is to
account for the fact that real-world luminaires are not ideal and therefore the assumption that

m = 1 is not accurate in a real-world environment.

2.2.2 Model-based Localization

In many localization applications, the device being tracked (e.g., a mobile robot) has a
photoreceiver fixed at the top and within the field of view of the light source. It lends to the
assumption that the ceiling where the transmitters are placed, is parallel to the floor [35]. This
means that wherever the target moves within the tracking space, it will experience the same

height, h from each transmitter. This helps to simplify the relationship between the receiver

12



and transmitter power because the incidence angle v and the irradiance angle ¢ can be

considered equal- see Figure 2.3, this gives:

h

cos( @) = cos(¥) =~ (2.9)

d
Substitute this into equation (2.8) to get:

p = PtAR?
T atn

(2.10)

Finally, d the distance of the receiver from the transmitter (Figure 2.3) can be derived as:

d= /% (2.11)

A .
where C = - is a constant value

In a typical visible light positioning (VLP) system as depicted in Figure 2.5, it shows that the
photodiode is receiving light signals from 4 LED transmitters, and associated distances from
the LEDs are defined as drx1 , drx2, drxs, drxsa respectively. From here a projected horizontal

distance d,; can be obtained using Pythagoras theorem:

dri = ,/d%xl- — h? (2.12)

Once the horizontal range distance has been obtained from each LED transmitter, the location
of the photodiode equipped object can be calculated using a linear least square algorithm for
2D lateration. This method requires horizontal distances from a minimum of 3 transmitters to
locate the object’s position. Essentially the method uses the projected distance as a radius to
form circle from each LED. The point where the circles intersect will determine the object’s
coordinate- see Figure 2.6
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Fig.2.6 2D trilateration method using 3 LEDs and a photodiode equipped object

2.3 Localization Theory

Once the ranging distances from the luminaires are obtained, the next step is to incorporate this

information into object localization theory to estimate the target’s position. According to

literatures, the most popular localization techniques are based on trilateration and

multilateration techniques. The former uses signal information from 3 anchor sensors while the
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latter utilizes information from multiple anchor sensors. This report uses the term lateration

which generally refers to either trilateration or multilateration.

2.3.1 Lateration

Localisation can be performed using lateration by finding the intersection point of circles or
spheres, which have radii equal to the ranging distances r; from the anchor node 4; - see Figure
2.7(a). The algorithm requires a minimum of three range distances from the reference anchor
nodes to the unknown target unit, to form the three equations. The intersection point, which
can be derived using the linear least square (LLS) method, is taken to be the position of the
target unit. On the other hand, the position accuracy can be affected if the intersection is not in
the exact cross point of the three circles, but rather in the overlapping area as depicted in Figure

2.7(b). This can be caused by range measurement errors.

5
S 5

Fig. 2.7 This diagram shows how trilateration can be used for localization. In diagram (a), the
localization circles from three anchor nodes intersect at a single point P. In contrast, diagram (b)
illustrates how distance errors result in the circles not intersecting at a single point meaning a least
square fitting method is required for position estimation

2.3.2 Linear Least Square (LLS) and Weighted Linear Least Square (WLLYS)
Positioning

Figure 2.8 illustrates a 2D x-y plane looking from the top, where N is the total number of
anchors used in the localization network. At any instance the target object requires the range

distance information from each anchor nodes with indexes j{7,2... W}, noted that W< N.

The range measurement between the target and the jth ( j=1, 2, 3, N where N=4 in this case)

anchor is represented by 7; (see Figure 2.8) which has some element of random noise in it. The
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unknown target location is denoted with 2D coordinate T = [x y]T and the known 2D

coordinate of the jth anchor is given as T = [x; y;]"

X, Vi
(0, m) (m, m)
T2 [ 17
h ) ?"3
m h ’-‘Ta' }'.get
RS
.',.l//,’ T'4
1l P
(0,0) m {m,0)
Fig. 2.8 2D x-y plane looking from the top
1 =11,12, 13,7y Where j=1,2,3,4
2 2
=T-T = J(x—x) +(-) (2.13)

= (x-x) + -y

r? = x* =2xx + x° 4+ y* = 2yy; + y;°

—2xx; — 2yy; + x* + y* =12 — x% — y;°

—2xx; — 2yy; +S =1 — % — y;° (2.14)
where S = x?% + y?

Therefore equation (2.14) can be re-written in matrix form as the following [36] :
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—2x; —2y; 1 X T X" =M
_ _ _ 2
where H; = 2.x2 2.y2 A= [yl and b, = | "2 X2 Y2
: : S
—2xy —2yy 1 rn? — xy% — yu2

Multiply the linear equation (2.15) with H, T (where T represents transpose operation), gives

(HI THI )A = b, H, T

Aps = b, H, T(HI THI )_1 (2-16)

As a result, the linear least square (LLS) position estimate which is the
(z,y) coordinate of the target unit can be obtained from the first and second entries of matrix
A, that is:

Ts= [%,3] = [ [ALLS]l [ALLS]Z]T (2.17)

The location estimate, T} ;s obtained from equation (2.17) might not yield accurate result, this
is due to the fact that distance range measurement is affected by random noise and signal fading
whenever signal travels through the air medium. One way to improve the position accuracy is
to use Weighted Linear Least Square (WLLS) positioning method. There are a few weighting
methods one can use to apply in this technique, example Signal to Noise Ratio (SNR), Log
(SNR), putting less weighting to the outlier range measurement, and so on. Using the weighing

factor matrix C, the WLLS equation can be written as follows [36] :

AwrLs = b, H, TC(HI THI C)_l (2-18)

where C = diag ( [WT,, WT, ,WT; ,---,WTy] ) , and N = total number of transmitters
eg. WT; is a weighting factor relating to TX1 which is LED Transmitterl

The target unit’s location estimate can be written as
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Twiis = [%,9]=1[ [AWLLS]l [AWLLS]Z ]T

(2.19)

Finally, the following shows the successful application of LLS lateration algorithm at 3

different locations: Figures 2.9 (a) (b) and (c) illustrate the 2D lateration results taken at 3

different test locations, each with reference to 4 known fixed anchor nodes (A1, A2, A3 and

4 2D lateration localization ,
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(c) Location 3

Fig. 2.9 2D lateration results at 3 different locations

2.3.3 2D Localization Accuracy

X [m]

(b) Location 2

The accuracy of a localization system is most commonly evaluated through measuring the

localization uncertainty which is termed as localization error in the literature [10] . Localization
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error is defined as the Euclidean distance between the actual position of the target (the ground
truth) and the estimated position of the target. The Cumulative Distribution Function (CDF),
mean, median and percentile values of the localization error are used to investigate the
localization accuracy (please see the guidelines of [37, 38] for more details). In some cases, the
standard deviation of the localization error is also reported. Consequently, these metrics will
be used to evaluate the position accuracy of the various localization systems that are discussed

in Chapter 3, 4 and 5.
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Chapter 3 — Visible Light Positioning using WKNN:
Impact of Distance Metric

This chapter reports the experimental results obtained with a room-scale VLP system using
RSS based fingerprinting technique. The VLP system consists of cheap photodiode-based
receiver and consumer grade LED luminaires. The impact of distance metrics used to compute
the weights of the Weighted K Nearest Neighbor (WKNN) algorithm on the localization
accuracy of the VLP is investigated. Experimental results show that Square Chord distance is
the most robust and accurate metric and significantly outperforms the commonly used
Euclidean distance metric. For this room scale implementation, a mean error of 2.2cm and a

90-percentile error of 4.9cm were achieved.

The performance of a fingerprinting-based localization system is heavily reliant on the
algorithm used to classify the current signal based on the offline training. A broad range of
pattern recognition and machine learning algorithms such as K-nearest neighbor (KNN),
Neural Networks (NN) and Multiclass Support Vector Machines (SVMs) [39] are available to
choose from. While classifiers like SVM [40] and NN [41] have been quite extensively used
for wireless technology based indoor localization, comparatively simpler Weighed KNN
(WKNN) [39] has been a popular choices for visible light based indoor localization.
Comparative benchmarking shows WKNN to be more accurate and reliable compared to others
for visible light based positioning [42]. Recent work also reports that WKNN performs
favourably compared with model based methods in terms of accuracy [43]. Given these
advantages of WKNN, it was selected as the classifier for the developed visible light
positioning (VLP) system reported in this chapter.

It should be noted that majority of the VLP systems reported in the literature showing higher
accuracy are theoretical in nature and typically show simulation based results [44]. Though
there are reported cases of practical implementations, however these are mainly confined to a)
small scale test bed [45] and/or b) use specialized expensive luminaires and components [45]
and/or ¢) operate within a controlled environment [35]. In contrast, this chapter reports on a

real-life room scaled VLP implementation that uses off-the-shelf consumer grade luminaires.
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3.1 System Description

The developed VLP system aims to locate the position of a photosensor equipped robot/device
within a floor space of 3.4m x 2.2m. Figure 3.1 shows the setup of the test bed. The floor map
is divided into many sections with a minimum grid size of 10cm x10cm. Above this floor space,
there are four off-the-shelf LED luminaires mounted on the ceiling, one at each corner. The
ceiling height is 2.4m. Each of these 4 luminaires transmits its individual light identity to the
photo sensing robot/device using square wave modulation signal and at the same time provides
illumination to the room as illustrated in Figure 3.2. This modulation is implemented using the
MOSFET driver circuit shown in Figure 3.3a and Figure 3.3b.

LEDs are placed on the
W——Ceiling and the other 2
are on the opposide side

~

Robot with photo-
diode sensor

—

Fig. 3.1 Visible light localization testbed

n‘ n‘
WEL 800 Hz 6400 Hz ME

Ceiling board /
i f

3200 Hz
1600 Hz \

@ Photo

receiver

Fig. 3.2 System overview of visible light fingerprinting testbed
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Fig. 3.3a VLC light modulation -MOSFET driver circuit and printed circuit board
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Fig. 3.3b Modulator driver circuit — shows one of the 4 LED luminaires sending out 1600Hz square
wave generated from the microcontroller ATmega328P

The overall receiver system block can be described in Figure 3.4. First, the robot which is fitted
with a photodiode receives the 4 transmitted light signals from the ceiling. The photodiode
together with the amplifier then converts the optical signal to electrical signal, this in turns
passes to onboard 16-bit ADC for conversion to digital signal. This digital signal obtained is
sent to either onboard microcontroller or MATLAB for Fast Fourier transform (FFT)
processing to get a frequency spectrum of these lights. Each robot’s position will display its
unique frequency spectrum corresponding to the coordinate where it is placed on the floor map.

The next section explains how the blocks in Figure 3.4 interact with each other.
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When operating a photodiode as a light sensor, it needs to be connected in a reverse biased

mode in the circuit. When the light shines on the junction, the photoelectrons will result in an

increase in the leakage current, I,.,, and whole curve shifts downwards - see illustration in

Figure 3.5a. The circuit in Figure 3.5b uses the photodiode which effectively acts as current

source with an output current being proportional to the incoming light on the photodiode. The

op-amp is connected as a current to voltage converter, which amplifies the signal before

sending to the ADC converter.
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Fig. 3.5a iv-characteristic of photodiode
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Fig 3.5Db. current to voltage converter
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B. ADC Converter and FFT processing.
The raw analogue signal will be processed into digital signal through 16-bit ADC converter,
after which the signal is processed by standard FFT algorithm to obtain a frequency spectrum
corresponding to the frequency ID of the 4 LEDs light sources. Figure 3.6a shows the FFT
result obtained from the light received by the robot at one location and Figure 3.6b shows the

fundamental frequency of each luminaire after filtering out the harmonics

«10°

— . I 1 I - L 1 + 1
o oo 2000 3000 4000 5000 6000 7000 8000 9000
Frequency(Hz)

800Hz 6400Hz 3200Hz 6400Hz

Fig. 3.6a FFT result showing the signal strength obtained from the 4 LEDs at one location
— ie. frequency domain representation

Magnitude

0 1000 2000 3000 4000 5000 8000 7000 8000 9000
Frequency{Hz)

800Hz 6400Hz 3200Hz 6400Hz

Figure 3.6b Fundamental frequency of each luminaire after filtering out the harmonics
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3.2 Modulator Driver

The modulator driver carries two functions, one is to illuminate the room and the other is to
communicate the ID code of each transmitter light source to the photosensor equipped object.
The onboard microcontroller in the modulator circuit as in Figure 3.3, is responsible for
generating the 4 ID signals in the form of square waves to drive the 4 LED luminaires. The
signal generated at the 1/0 pin of microcontroller pulses between 3.4V to OV and drives the
gate input of the MOSFET N-channel transistor. The modulating frequencies chosen for the 4
luminaires in this system are 800 Hz, 1600 Hz, 3200 Hz and 6400 Hz

The transmitted square wave signal from the nth luminaire (n =1 to 4) can be expressed in

Fourier series expansion [46]:

" ¢_aTn ;_34Tn
sn(t) = Ap Xj=1 (rect[ |- rect[ TT;* ]) (3.1)
2 2
Sn (t) = Zlo,oodd Crllexp [j27‘[lfnt] (3.2)
24n . . . - .
C,ll = 11—1’: is the Fourier series coefficient and f,, is the fundamental frequency for the n™
luminaire.

This modulator uses frequency division multiplexing (FDM) scheme to transmit the light
signals. Because s, (t) contains only odd harmonics of f;, , as such the modulation frequency f,
of the n" luminaire is chosen to be the second harmonic of f,_, , the modulating frequency of
the (n-1)™ luminaire. This is to make sure that the harmonics of a luminaire does not interfere
with the fundamental frequency of any other luminaire. This basically explains the rational of
using the 800 Hz, 1600 Hz, 3200 Hz and 6400 Hz to drive these 4 lights sources.

However, it is possible to choose fundamental modulation frequencies that are 50 Hz apart as
long as they do not interfere with the odd harmonics of other modulating frequencies. For
example, if using frequencies between 800 Hz and 2 kHz at 50 Hz interval, there will be 25
noninterfering modulating frequencies available to choose from. The aforementioned 4
frequencies were chosen after considering several factors. The highest frequency needs to be

lower than the response time and the slew rate of the LED luminaires. The lowest frequency
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should have enough separation from the 100 Hz interference present in regular lighting

infrastructure [46].

There are reports about harmful effect of flicker on human health from headache, blurred vision,
eye strain to seizure [47, 48]. These light flickering frequencies can range from as low as 3Hz
and up to 200Hz. At location (xi, Vi), the received signal at the output of the photodiode from the

n™ luminaire is given by-

Tn,i(t) = Xloda Grlz,icvlzexp [j2mlfyt] (3.3)

G}, is a factor that depends on the response of the photodiode at the frequency if, and the
optical channel between the luminaire n and the location (xi, yi).

1,i(t) 1s passed through a bank of 4 parallel bandpass filters each centered at the fundamental
frequency fa. The output of the bandpass filters can be written as-

R, = H,GL,C} (3.4)

H,, is the gain of the bandpass filter for the centre frequency f,,. For flexibility and the ease of
implementation, the Fast Fourier Transform (FFT) operation was used which samples the
spectrum to perform the bandpass filtering. Alternatively, these fundamental frequencies can
be filtered through the use of hardware circuitries composed of cheap, passive analog bandpass
filters. The experiment set up in Figure 3.7 shows the receive signal strength, |R,,;| where (n

=1 to 4) at one test location. As can be seen, the values are strong at the vicinity of the n

luminaire and get weaker moving further away. The P,,; = |Rm-|2 at each point on the grid is
an estimate of the RSS for the corresponding luminaire and a location vector ID can be assigned

as:

P; =[P, Poy -, Py )" (3.5)

where N= 4 as there are 4 four LED light sources in this case
The sampling frequency of ADC at the receiver board which contains ARM Cortex M4
microcontroller is set at 31250 Hz. This sampling rate is chosen because it is significantly

greater than the Nyquist theorem requirement for the incoming signal which is 12800 Hz (2x
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6400Hz). The samples are buffered into frames of 625 samples that are used for the Fast Fourier
Transform (FFT). The FFT operation can be performed on board of the target device or at the
computer. For less powerful devices, all of the computation including the FFT can be
performed at the computer as long as the received signal samples are transmitted back.
However, this will increase the wireless transmission data rate and the energy consumption

associated with the transmission [46].

The receiver hardware module to receive the optical signals is shown in Figure 3.8. To better
visualise the result, MATLAB tool is used to provide various useful plots such as heat map of
a luminaire, 3D plot of light intensity and others. Figure 3.9 shows the heat map of the
frequency magnitude of the 3200 Hz luminaire when the measurements are taken at every
intersection of the 10cm x 10cm grid. It can be observed that the received signal is the strongest
at the lower left hand corner where the LED3 is located. The light magnitude falls off as the
distance between the detector and the LED light source increases. Figure 3.10 demonstrates
the 3D plot of light fall off model or Lambertian model [49] from LED3 which transmits light
frequency at 3200 Hz. Similarly, the light intensity plots can be observed from the other 3

frequencies.
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Fig. 3.7 Frequency components at one location of the test bed ( 3.4m x 2.2m)

27



Only one photodiode is used to receive
luminaire signals and the other 3 are just
spare units

«l' &

Fig. 3.8 VLC Receiver hardware circuit where the photodiode and amplifier are on the top level board
and the 16-bit ADC is provided by the bottom level board - K64F development board (also refer to
Receiver System Block from Fig.3.4)

Fig. 3.9 The heat map for LED 3 -3200Hz (on 3.4m x 2.2 m floor space)

Fig. 3.10. Light magnitude falloff - LED 3, 3200Hz
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3.3 Weighted K-Nearest-Neighbour

After the fingerprinting map has been constructed from the offline data collection at selected
locations and identified by their individual unique ID information as in equation (3.5), the
location of the mobile receiver can be estimated during the live phase using the weighted KNN
algorithm. The ID vector received by the detector at a location (xj,y;) during the live phase is
given by-

lee [Pllljve’lez}ze vee, lee (3.6)

The Euclidean distance d;; of the live ID vector Pj”"e to the 1D vector P; of the offline
database is given by-

]l \/Zﬁ 1(lee Pn,i)2 (3.7)

where i = 0,1,2,3,.....,z and z is the number of locations recorded in the offline database.

n = 1,2,3, N = 4 indicating the 4 different frequency magnitude within an ID vector.

The proximity of the live location to every location on the database are determined by d;;i. The

weighted KNN algorithm estimates the location of the receiver (X;,Yy;) as the weighted

average of the location of the K nearest neighbours. The nearest neighbours are the K offline
locations that produce the smallest d;;i values. The value of K needs to be judiciously selected

to produce the optimum results. The estimated location of the receiver (X;, ¥;) is given by-

K K

~ _ 2k=1WjkXXk 5 = Yk=1WjkXVk
= TVK : = TVK

J Yk=1Wjk J Lk=1Wjk

(3.8)

Here (x«, yx) is the location of the k'™ neighbor. The weight wj is the reciprocal of the distance
calculated by equation (3.7). K= 4 was used in the experiments as that produced the highest

accuracy as shown in Figure 3.11.
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Fig. 3.11 Average accuracy vs K value for 20cm x10cm grid space database

3.4 Impact of offline database size

Altogether, there were 693 equal spaced measurements taken within the 3.4m x 2.2m floor map
as shown in Figure 3.1 and Figure 3.7. There was no measurement done along the boundaries
of the testbed. This resulted in 33x21= 693 measurements within a grid of 3.3m x 2.1m. The
number of measurement points used to construct the offline fingerprinting database is 345 and
the rest were designated for online or live data validation. The approximate time taken to collect
each data point was 17 seconds. For the experiments, the photo sensing device was moved
manually from one point to another and all the time ensuring the receiver was not tilted. In the

real world, this can be achieved by simple gimbal.

To construct a database with 20cm x 10cm space grid size, it will result in data collection at
345 points at the designated floor space. The total time spent to build this database is 1hour
and 38 minutes. The mean and median accuracy achieved were 1.39cm and 0.46cm
respectively. For the experimental setup, there is no measurable improvement in accuracy for
<20cm spacing. The lower bound of the localization accuracy is set by several factors.
Reflection and multipath resulting from different type of objects present in the room contribute
to the error. Given the cheap photodiode used in the receiver, the orientation of the receiver has
an impact on the received signal strength. So, if the orientation of the receiver is not kept
exactly the same during the offline calibration and the online phase, there will be some error in

the localization. It is also assumed that the receiver plane remains at the same level for all
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measurements. However, this is difficult to maintain and the floor and ceiling planes may not
be exactly parallel to each other over the entire test bed. This discrepancy also contributed to
the error. Saturation due to ambient light, the noise floor of the hardware and the resolution of
the A/D converter also contributed to the overall error. Figure 3.12 shows the distribution of
the errors for 20cm x10cm database. As can be observed, the majority of the errors are quite

small and they fall within the 2cm range.
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Fig.3.12 Error distribution for the 20x10 database

Table 3.1 summarizes the results for different offline databases. As the size of the database
decreases, the accuracy of the localization system becomes poorer. However smaller databases
require less offline measurements. So there is an obvious trade off between accuracy and time

spent in offline measurement.

Table 3.1 Summary of errors

Spacing (cm) | Mean (cm) | Median (cm) No. of off-line Construction time
points (min)
20 1.39 0.46 345 98
30 4.50 2.70 219 62
40 4.90 4.70 170 49
50 6.80 6.80 137 39
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3.5 Impact of the number of luminiares

The experimental results in Table 3.1 show that VLC-based technology has the potential to
replace other technology in precise indoor localization for robotics. This is because the LED
light sources are very popular nowadays and will soon become ubiquitous feautures in
buidlings of all types from offices, residential homes, hotels, hospitals to factories. Quite often
with any lighting in the building, there bound to be one or two lights which are not operational
due to wear and tear after some period of time. It is important to see if the VLC-based
localization system is able to withstand under those faulty circumstances. The experiment has
been conducted to test how tolerant is the developed system in identifying the mobile robot’s

position. Table 3.2 shows the various situations when one of these 4 LEDs is broken.

Table 3.2 Position error when one of the 4 LEDs is unavailable

LED Light sources | 1,2,3 12,4 1,34 2,3,4
Mean (cm) 2.9118 2 .5907 3.7010 4.0685
Median (cm) 1.6949 2.5815 2.1823 2.3486
90 percentile(cm) | 6.4992 6.0162 8.0911 9.5109
Min (cm) 0.0339 0.0095 0.0505 0.1426
Max (cm) 23.2943 23.2165 35.6900 29.5759
Std Dev (cm) 3.3956 2.7710 4.3487 4.8489

The data in Table 3.2 is based on 345 fingerprinting data point entries and resulting in average
mean error of 3.318 cm and average 90 percentile error value of 7.529cm. If this localization
technique is used to determine the mobile unit’s position within a floor space which has grid
or cell size of 20cm x 20cm, then this error is within the acceptable range because it is less than
half the cell size. The result shows that even in the situation when one of the lights is off, the

mobile unit or robot is still able to localise itself using the 3 remaining lights within its vicinity.

3.6 Impact of the Distance Metric

Distance measure or sometime referred as distance metric, is important when it comes to
solving problem based on machine learning, pattern recognition and matching algorithm. The
performance of these classifiers relies on the how accurate is the distance measured between

the test location and the training set locations in the database. There are huge variety of distance
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measures [50, 51] to choose from beside the commonly used Euclidean Distance. The various

distance metrics used in this work and their definitions are given in Table 3.3.

Table 3.3 Summary of localization error for various distance metrics. K = 4 [52]
Localization Error in cm
20cmx 20 cm 50 cm x 50 cm 100 cm x 100 cm
Grid Grid Grid
Mean | 90 Perc. | Mean | 90 Perc. | Mean | 90 Perc.

Distance Metric Definition

Euclidean (ED) d:: = 2.8 7.5 10.6 18.4 241 443

N
PCHELN
n=1

N
Squared Euclidean i 2
(SED) d; = Z(P,gf;’e ~Pui) 24 | 54 | 85 | 145 | 181 | 38
n=1
N
Manhattan (MD) | d;; = " [Pive - by | 3 71 | 105 | 183 | 238 | 479
n=1

N 2
Matusita (MtD) | d;; = Z( pjive _ /—pn'i) 20 | 72 | 84 | 139 | 199 | 327

N
Squared Chord |, _ plive _ [P ’ 2.2 4.9 65 | 104 | 135 | 246
(SCD) j,i = n,j ni . . . . . .
n=1
Chebychev (ChD) | dj; = max|P,7¢ — Py 3.4 8.5 127 | 229 | 253 47
271\1, Prlll;;']epn,i
Cosine (CoD) | %4 =1~ ;—l | 4l 8.2 101 | 185 | 212 | 406
Zn P ‘e Zn Pn,i
i lee )
Squared Chi d; o i) 22 49 65 | 105 | 138 25

Squared (SCSD) Ji = |lee+P i
n nj nt

N |Plive Pml

2.5 7.2 9.7 175 23.3 379
|lee+P |

Canberra (CD) dj; =

N
Lorentzian | " log(1+ [PEz* = Py]) 35 | 78 | 129 | 227 | 295 | 54

However, only the best performing ten distance metrics are presented out of the thirty-seven
that were investigated. Using the same localization test rig (3.4m x 2.2m floor space) as in
section 3.1, an experiment was carried out to compare the robustness of 9 other distance metrics
with the Euclidean Distance used previously. Table 3.3 shows the localization accuracy results

using 3 different grid sizes (20cm x 20cm, 50cm x 50cm and 100cm x 100cm).
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Interestingly, the Table 3.3 shows that Euclidean Distance (ED) is not the most accurate or
robust metric for computing the weights for Weighted K-nearest Neighbour (WKNN)
classifier. Squared Chord Distance (SCD) and Squared Chi-Squared Distance (SCSD) produce
the lowest localization error. Furthermore as the grid size becomes wider, ED’s accuracy drops
substantially when compared with SCD and SCSD. As for this work, only results obtained for
SCD are presented, and where necessary results corresponding to ED are presented for some

selected cases for comparison purposes.

Fig.3.13 shows the precision of the localization system in the form of the Cumulative
Distribution Function (CDF) of the localization error for ED and SCD for various grid sizes. It
can be observed that the SCD performs better than ED and denser grid leads to better
performance. The number of nearest neighbour, K, is four in all experiments as that seems to

be the optimum value for this data set and provide the lowest mean error (see Fig. 3.14).

Probability

0 5 10 15 20 25 30 35 40 45 50
Error in cm

Fig. 3.13 Localization precision for Euclidean and Square Chord distance metrics for various
grid sizes. K=4
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Fig.3.14 Impact of K on the mean error for Euclidean and Square Chord distance metrics for
various grid sizes

3.7 Summary

It can be seen that the practical implementation of VLP system based on WKNN technique
does give reasonable position accuracy. It also demonstrates the impact of distance metric on
the performance of WKNN algorithm for a VLP. The investigation shows that Squared Chord
distance is the most robust distance metric for the developed VLP and provides better

localization accuracy than the commonly used Euclidean distance.

This experiment focused on the use of Frequency Division Multiplexer (FDM) to implement
the VLP system due to it being one of the most common and simplest modulation schemes for
data transmission. In this case, square wave on-off keying modulation frequencies were
generated from modulator circuits to drive the LED sources. The signal frequencies chosen
were in even multiples of the first fundamental frequency of 800Hz, this is so that the inherent

odd harmonics that exist in one signal did not interfere with another fundamental signal.

However, using square wave test rig has its downside, besides the square wave modulation
with 50% duty cycle results in a loss of half the total illumination, it also restricts the number
of frequencies that can be used for transmitters identification. Hence it is not suitable if VLP
system is expanded or upscaled. By moving to a sine wave modulation, it would remove this

restriction and allow as many frequencies to be used as identification signals for the light
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sources. Hence, subsequent experiments on VLP described in Chapter 4 and Chapter 5, are
based on different modulating sine wave frequencies implementing on FDM modulation

scheme, and on different test rig platform sizes.
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Chapter 4 - Visible Light Positioning Based Robot
Localization and Navigation.

This chapter reports on the successful experimental performance of using Visible Light
Positioning (VLP) as a global guiding system for indoor robot localization and navigation.
Recent literature shows a small number of works on robots being controlled by fusing location
information acquired by VLP that uses rolling shutter effect camera as a receiver with other
sensor data. This thesis, in contrast, reports the experimental performance of a cartesian robot
that was controlled solely by a VLP system using a cheap photodiode-based receiver rigidly
attached to the robot’s end effector. The receiver’s position was computed using an inverse-
Lambertian function for ranging followed by multi-lateration. Two novel methods to leverage
the VLP as an online navigation system to control the robot were developed. The position
acquired from the VLP was used by the two algorithms (which are based on Direct and Spring
Relaxation Methods) to determine the direction the robot needed to move. The developed
algorithms guide the end effector to move from a starting point to target/destination point(s) in
a discrete manner, determined by a pre-determined step size. The results show median errors
of 27.16 mm and 26.05 mm and 90 percentile errors of 37.04 mm and 47.48 mm respectively

for the two methods.
4.1 Related Work

In VLP systems, LED luminaires are used as the transmitting beacons with either a photo diode
(PD) or camera as the common receiver sensor attached to the tracked object. Both sensors
come with inherent advantages and disadvantages. While cameras may allow for more
sophisticated communication schemes [13], PD-based receivers are considerably cheaper and
energy efficient [14], and incur less computational cost [15]. Received signal strength (RSS) is
the most widely utilized signal characteristic for a PD-based VLP due to simplicity and
convenience [28]. VLP that utilizes RSS can either be model- or fingerprinting-based [53].
Fingerprinting-based methods can be time- and labour-consuming compared to the model-
based [52] ones. Considering all these points, the VLP system used for this work employed a
PD-based receiver that utilizes RSS as the signal characteristic and localizes using a model-
based technique. A literature review shows many localization works based on a PD-based

receiver that utilises RSS (for example, see the recent survey paper by Rahman et al. [54] on
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VLP) achieving centimeter-level accuracy. However, there is no reported work that uses such

a VLP system as the singular tool for controlling robots in real time.

A survey of recent literature on VLP-based indoor robot navigation yields only a handful of
papers. These works utilize a rolling shutter effect (RSE) camera as the light sensing device
(please see [55-57] for examples of RSE-based VLP systems). Though the method uses more
computer computation time and a complex algorithm because of the involvement of image
processing and classification algorithm, the availability of ubiquitous CMOS image sensor

cameras in most smartphones has made them the preferred choice among researchers.

Rétosi and Simon [58] employed an RSE camera installed on a mobile robot to determine its
pose from the signal received from modulated LED luminaires. While the system is shown to
be able to track the moving robot in real time in a 6 m x 6 m room within a low centimeter
range, the VLP system is not used for the navigation. The process of decoding LED-ID
information from the captured images using an RSE camera can be slow due to the
computational latency. Therefore, Li et al. [59] proposed using convolutional neural network
(CNN) to increase the speed of identifying the anchor node ID from the captured image,

especially with motion blur caused by the fast movement of a robot.

Hua et al. [60] proposed the fusion of a PD- and camera-based system using a version of the
Kalman filter. The system is shown to be robust and has the ability to perform real-time
positioning. However, the system was not used to control or navigate a robot. Amsters et al.
[15] demonstrated the capability of a PD-based VLP that utilizes only unmodulated light. While
their system has the potential to estimate the pose of a mobile robot, the experimental results
do not show real-time position estimation. They also do not control or navigate the robot using
VLP. Zhuang et al. [61] reported on a PD-based VLP system that may be used for the
localization of a mobile robot. However, the article only reports localization accuracy; the VLP

system is not used to control the movement of the robot.

Guang et al. [62] proposed indoor robot localization based on a VLP system that utilized an
RSE camera installed on Turtlebot 3 running a robot operating system (ROS). They presented
an extension [63] of this work by introducing a loosely coupled multi-sensor fusion with
LiDAR- based SLAM and odometry. Another improvement [64] of the work involves the
fusion of VLP and IMU to improve the system’s robustness with the ability to handle luminaire
shortage/outage. A similar work on the fusion of VLP and IMU to address luminaire

shortage/outage issues for an RSE-based receiver can be found in [65]. It should be noted that
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only one of the articles [64] develops a method for controlling the robot, whereas the other two

articles [63-65] focus mainly on the localization aspect.

Therefore, a clear gap in the state of the art can be seen. There is a noticeable lack of works
that utilize VLP for controlling a robot. Recent literature shows only a small number of works
on robots being controlled by fusing location information acquired via VLP that uses an RSE
camera as a receiver with other sensor data. There is no reported work that has used only PD-

based VLP to control a robot. This is the motivation of the work being presented in this thesis.
4.2 Contribution

This is the first reported work that utilizes only a PD-based VLP system to control the
movement of a robot. In this work, two novel algorithms are proposed and implemented to
control the movement of a cartesian robot, constructed in the form of a 2D Computer Numerical
Control (CNC) machine, solely by a VLP system in real time. This also allows for objectively
evaluating the efficacy of a PD-based VLP system for controlling a robot. Based on the
experimental results collected while the robot is traversing multiple path patterns, both

algorithms show promising accuracy.
4.3 Experiment Setup

The key equipment of the experimental setup is a purpose-built 2D CNC machine (see Figure
4.1). The VLP photodiode receiver is mounted on the end eftector. The CNC machine performs

three important tasks:

e [tacts as the online robotic platform where the end effector is driven by the VLP system;

e The encoders of the CNC measure the X Y linear movement at the rate of 1000 mm per
minute;

¢ During the online phase, the CNC also records the exact locations of the receiver (end
effector). The location information is not used by the VLP system to drive the CNC,
but it is used as the ground truth so that the localization accuracy or error statistics can
be computed;

e During the offline phase, the CNC is used to accurately position the VLP receiver at 29
pre-determined locations to collect RSS data for calibrating the Optical Propagation

Model of the VLP system.
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The end effector’s minimum step size is 0.1 mm, achieved through lead screw actuation and
Nema 23 stepper motors. An OpenBuilds BlackBox Motion Control System (MCS) with Grbl
firmware controls the stepper motors. The host PC sends commands to the BlackBox MCS
over a USB, with desired positions converted into GCODE commands via a Python program.
These desired positions were computed by the VLP.

The VLP system consists of four transmitters constructed with LED luminaires which are

commercially available and can be bought easily off the shelf. These luminaires are placed at
a 1050 mm height above the CNC at known x—y locations: TX1 (0, 0), TX2 (0, 780), TX3 (760,
780), and TX4 (760, 0) (see Figure 4.1).

Fig.4.1 VLP system test rig

For the experiments conducted, an unmodulated sine wave of frequencies of 2 kHz, 2.6 kHz,
3.2 kHz, and 4.4 kHz were inserted by a modulator driver circuit powered by a 30 V power
supply (shown in Figure 4.2). The input of the modulator circuit is connected to a function
generator which supplies the required sine wave. Each function generator has two signal
generation channels. Altogether, two function generators are sufficient for this experiment (as

seen in Figure 4.1).
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Fig. 4.2. Modulator driver circuit

Underneath, the PD-based VLP receiver was mounted on the end effector of the CNC. Together
they form the robot that is controlled by utilizing the location estimated with respect to the
fixed luminaires. On the receiver board, the photodiode sensor converted the optical signal to
an electrical signal which was then amplified through a transimpedance amplifier before being
processed by an onboard analog to digital convertor (ADC). More details of the receiver board
can be found in [12]. The sensor board receives and decodes the identities of these four lights
using a Python program in the PC. After that, the data are transmitted out serially via USB to
PC for Fast Fourier Transform (FFT) processing. The function of the FFT is to demultiplex and
measure the magnitude of the four sinewaves present in the received signal [12]. The magnitude
squares constitute the RSS set at each location. Please refer to Figure 4.3 for more details of

the operation of the VLP system.
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Fig. 4.3 Key concept of the VLP system. RSS is extracted from the received signal using FFT. A
representative RSS from four visible luminaires is shown at the receiver at a particular location. The
measured RSS is used for model calibration during the offline stage and for ranging and localization
during the live stage

4.4 Localization Using VLP

During the offline stage, the RSS—distance relationship is found by calibrating the Lambertian
propagation model. RSS data are collected at a set number of pre-determined locations for the
parameter calibration. During the online phase, the live RSS readings are used to find the
distance of the target device (the receiver on the end effector) from each transmitter by
“inverting” this calibrated propagation model. Subsequently, the receiver’s position is

estimated via lateration.
4.4.1 Offline Calibration of VLP

For this research, the receiver/target plane and luminaire/transmitter plane are kept horizontal
with respect to one another. This allows for the simplification of the Lambertian propagation
model [53]. Please refer to the discussion in Section 4.7 on how this limitation can be addressed

in the future.

Under this assumption of a parallel arrangement, the received power, B, , or the RSS at a

distance d; from the i" luminaire (Figure 4.4) within the field of view of the luminaire can be

simplified from the Lambertian propagation model following the process outlined in [53].
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Here, m; is the Lambertian order and B,  is the RSS at a reference location at a distance d; g
from the target. Equation (4.1) can be rearranged so that

Pr;
log(P Ti,o)

m; = W -3 (42)

The received signal at the receiver at location (x, y) can be expressed as:

s(t) = Y1, G sinufit + 6,), (4.3)

where f; and ; are respectively the frequency and phase of the sinewave of the i** luminaire
at location (x,y) and G; is essentially a function of the distance d; between the photodiode at

location (x, y) and the i*" luminaire.

The spectrum S(w) of the signal at angular frequencies w can be computed using the Fast
Fourier Transform (FFT). The power spectrum can then be calculated using:

Pys(@) = ~[S(@)I2. (4.4)

The power spectrum, Py (w), at the known modulation frequencies (2, 2.6, 3.2 and 4.4 kHz)

are used to estimate the received power P, (d;) for each luminaire.
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Figure 4.5 shows the position of the 29 offline locations where the RSS values were collected

to estimate m; for calibrating the RSS—distance relationship. As suggested by [52], the

reference location is chosen directly underneath the corresponding luminaire. The Lambertian

order is estimated at the rest of the 28 locations using Equation (4.2), and then averaged over

these 28 values. These offline locations are carefully chosen so that all regions of the

Lambertian propagation models for each luminaire are captured [22]. Table 4.1 shows the

estimated Lambertian order and Figure 4.6 shows the measured RSS values and the calibrated

RSS—distance Lambertian curves of the four luminaires.
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Fig.4.5 The location of the luminaires and the 29 measurement locations for offline parameter
calibration of the Lambertian propagation model

Table 4.1; Estimated Lambertian order of the luminaires

Luminaire | Lambertian Order (m,,)
1 4.5998
2 3.9798
3 3.1961
4 3.5810
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Fig. 4.6 Calibration of the Lambertian propagation models for the four luminaires

4.4.2 Online Localization Using VLP

Once the RSS—distance model is calibrated for each luminaire, Equation (4.1) can be

rearranged for ranging (i.e., to compute the distance of the target from a luminaire) so that

Py,
Ti,0

di = dyp ( P,

The horizontal distance of the target from the i*" luminaire, d,,; (please see Figure 4.4) is

)1/(ml+3)
, (4.5)

computed as
dyyi = [dF — h? (4.6)

4.5 Online Navigation

Two algorithms were developed that can guide the end effector to move from a starting point
to the target/destination point(s). Both algorithms drive and make the end effector move in a

discrete manner, determined by the step size.

At each iteration of the algorithm, (1) visible light signal is captured by the VLP receiver (for
500 ms) and sent to the PC for extraction of RSS, (2) the distance of the end effector from each
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luminaire is determined (as per the procedure discussed in the previous section), and (3) the
end effector is instructed to move by a step size toward a direction as determined by the
algorithm or to remain stationary if the destination is reached. To maneuver the CNC machine,
a GCODE set is needed to be sent to the OpenBuilds BlackBox motion control driver. The
main program which is written in Python works out the x and y direction step movement from
the algorithm and generates the equivalent steps in GCODE. The Black box motion control
driver then processes the given GCODE and commands the movement of the stepper motors

connected to the CNC machine.
4.5.1 Algorithm 1 (Direct Method)

The flowchart in Figure 4.7 shows the algorithm. The robot, if required, moves at a step size

of T. However, before any movement takes place,

(1) The robot’s current distance from each luminaire’s position is determined using live
VLP reading following the process outlined in Section 4.4.2. Once the horizontal
distance of the target from all four luminaires is found, the location of the target on
the xy plane is estimated using multi-lateration [59].

(i1) The direct distance between the current position and the final destination position
(see Figure 4.8) Axy , is calculated. Axy is based on the difference in x distance,
Ax and the difference in y distance, which is Ay, so that Axy = m .

(iii)) If Axy < T, the robot is considered to have reached the target, otherwise (i.e., if
Axy > T ') the robot receiver has not reached the destination yet and moves to a
new position by moving xg and y, in the x and the y directions, respectively. Here
X = AAx—xy xT and y; = AAx—yy X T . As discussed previously, 7 is the step size (which
1s 20 mm for the experiments). It should be noted that
1. if xg = +ve , the robot moves to the right;

2. if x; = —ve, the robot moves to the left;
3. ify, = +ve , the robot moves up;
4

if y, = —ve , the robot moves down.

Once arriving at the new position, steps (i)—(ii1) are reiterated until the robot arrives

at its destination.
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Fig. 4.7 Flowchart of Algorithm 1. Please see Figure 4.8 for details on Ax, Ay, and Axy
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Fig. 4.8 Robot travels in a planned straight path from the current location to the destination location
4.5.2 Algorithm 2 ( Spring Relaxation Method)

This algorithm is based on the spring relaxation [12] or artificial potential field [66] techniques.
In this section, we explain the algorithm using the concept of spring relaxation which uses
fictitious springs and Hooke’s law to guide the robot to its destination/s. Figure 4.9 illustrates

the concept of spring relaxation.
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Fig. 4.9 Spring relaxation technique to guide CNC robot sensor to travel from current location to the
destination location; it shows the various forces exerted by each spring, F, to Fg,, and the resultant net

force, Fpet

The location of the luminaires is the anchor to which the one end of each fictitious spring is

connected. The other ends are connected to the robot. The distance between the target

destination and each anchor is the natural length of each corresponding spring. Therefore, when

the robot is at its destination, all the springs are relaxed (neither compressed nor stretched) and

no force is acting on any of them. The goal of the algorithm is to move the robot to a position

where the net force acting on the springs is zero (or below a certain threshold). Figure 4.10

shows the flowchart of the algorithm.

(1)

(i)

(111)

Compute the natural length, [,,; (i = 1to 4 for our experimental setup), of the four
fictitious springs of the sensor device at the target position.

Take an RSS reading at the current position, x;,y, . Next, calculate the distance of
the robot from each luminaire using the ranging process described in Section 4.4.2
Equations (4.5) and (4.6). Each of these distances represents the current length of
each spring, [; (i = 1 to 4 for the experimental setup).

If the current location is not the destination, the springs are not in an equilibrium
state (either compressed or stretched). A compressed spring experiences a push
away from the anchor, whereas a stretched spring experiences a pull toward the
anchor. The individual force, F; , exerted by each spring, is estimated as F; =
|ln; — 1:|e/%, where |1, — [;] is the magnitude of the force and ; is the direction of

the corresponding force.
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(iv)  Compute the net force acting on the robot as F,,, =Y F; . Note that F,, =
|F e |le/fret | where |F,q| is the magnitude of the net force and 6,,,, is the direction
of the net force. If the net force is smaller than or equal to a threshold (|Fp.¢| < TH),
the robot is at the target. If not (i.e., |Fne| > TH ), the robot moves toward the
direction of the net force at the step size 7. Steps (i)—(iv) are repeated and the robot

moves until it reaches the destination.

Find the natural length,
L, at the target point

>

A4

Estimate current
position (x; , y;)
using RSS readings

A\ 4

Find spring length,
l; at current location

A4

Compute Force as per
step (iii)

A4

Compute Fyee =X F ,
where Fnet = |Fnet|ej0"“

Yes Target
reached

No

Move by step size End
towards 6,,.;

Fig. 4.10 Flow chart of Algorithm 2

Figure 4.11 shows the tasks completed by the PC to perform the navigation of the end-effector

from the starting point to the next location.
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1) Set up serial port to 2) Set up another serial 3) Start Realtime process 4) Process raw data
CNC machine, move the -' port to photoreceiver on - to read live VLP data at -l through FFT and obtain

robot receiver to starting CNC machine the start position 4RSS values
point, A

8) Generate and Selgd 7) Call Self Navigation 5) Find dist
GCODE to OpenBui Aleorithm (1 or 2) to . . _ ind range distances
Black box motion & ( ) 6) Estimate Live of end effector from 4

Ldri compute the next T.ocation N .
control driver to move movement relative to the transmitters using these

the end-effector current position RSS values

Fig. 4.11 The tasks completed by the PC to control the movement of the CNC end-effector while guided
by one of the two algorithms running on live RSS data. Steps 3 to 8 are iterated until the end-effector
reaches the destination (when the loop ends after step 6)

4.6 Experimental Results

Figures 4.12 - 4.14 show how the CNC end effector traverses through various paths. Each path
is repeated five times. The actual location of the end effector can be determined to an accuracy
of 0.1 mm since the CNC tracks and records its position. Please note that this information is
only used as the ground truth and is not used to control the end effector which is solely driven
by one of the algorithms based on the acquired RSS. As can be seen, VLP-driven algorithms
can control the robot reasonably accurately. However, it is also clear that for all patterns, the
robot does deviate from the ideal straight-line path. This is because the VLP-based position
estimate using RSS data has some error. Due to this and the discrete nature of the robot’s
movement (step size of 20 mm), it does not reach the “target” points precisely. For every
pattern, each path traversed is also slightly different regardless of the algorithm utilized.
Therefore, the robot and the VLP-based control system, in its current state, does not have the

precision or repeatability to be used for applications like assembly of electronic devices [67].

Figure 4.15 shows the cumulative distribution function (CDF) of the errors for each path. The
error is computed as the amount of the deviation of the robot’s locations from an ideal straight
line. Figure 4.16 shows the CDF of the errors in reaching the target (measured as the difference
between the destination point and where the robot stopped) for all the paths. The median and
90-percentile errors are shown in Table 4.2. It should be noted that the errors in reaching the
target can be reduced by lowering the step size (e.g., 27.16 mm to 15.23 mm for algorithm 1
when the step size is changed from 20 mm to 5 mm). But that comes at the cost of higher

computational cost and increased time.
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Fig. 4.12 “Line Path” travelled by the robot. The robot is moving from point A (100, 100) to point B
(600, 300) and then returning back to A. The diagrams ((a, b) for algorithms 1 and 2, respectively) show
five iterations of the path
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Fig. 4.13 “Square Path” travelled by the robot. The robot is moving from point A (100, 100) to point B
(600, 100) to point C (600, 600) to point D (100, 600) to point A. The diagrams ((a,b) for Algorithms 1
and 2, respectively) show five consecutive iterations of the path
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Fig. 4.14 “Butterfly Path” travelled by the robot. The robot is moving from point A (100, 100) to point
C (600, 600); then point C to point D (100, 600); then point D to B (600, 100) and then point B to A.
The diagrams ((a,b) for Algorithms 1 and 2, respectively) show five iterations of the path
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Fig. 4.15 CDF showing the accuracy of both algorithms for (a) Line Paths, (b) Square Paths, and (c)
Butterfly Paths
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Fig. 4.16 Comparing “Target” positions accuracy

Table 4.2 Accuracy statistics for both algorithms for various scenarios

Scenario Median Error (mm) 90-Percentile Error (mm)
Algorithm 1 | Algorithm 2 | Algorithm 1 | Algorithm 2
Line Path 8.02 5.86 16.34 12.71
Square Path 15.15 15.51 30.99 37.59
Butterfly Path 16.81 11.1 28.48 25.19
Destination Points 27.16 26.05 37.04 47.48

4.7 Conclusions and Future Works

This work presented the control of a cartesian robot, a 2D CNC machine, capable of precise
positioning along the X and Y axes using only a PD-based VLP system. Two algorithms were
developed to control the position of the robot in real time. Both algorithms show promising
accuracy. Algorithm 1 performed better for the “square path”, achieving a 15.15 mm median
localization error. Algorithm 2 performed better for the “line path” and the “butterfly path”,

achieving median localization errors of 5.86 mm and 11.1 mm, respectively. Given the accurate
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performance of the system, further investigation is warranted. Also, further investigation needs
to be carried out before an algorithm can be conclusively recommended. There are several other

limitations that can be addressed in the future.

The locations of the luminaires of the VLP have not been optimized. Future works can explore
the optimization of the layout of the VLP system. However, it should be noted that as part of
real-world implementation, the location of the luminaire may be dictated by the need for

1llumination.

The Lambertian model was simplified under the assumption that the PD and the luminaires are
parallel. If the receiver tilts, the localization estimate is affected. However, there are models
[68] that address this issue and can thus be adopted. A simple gimbal can also ensure that the

receiver maintains its orientation.

Pose comprises of location and orientation. For this work, the location was determined via VLP.
The orientation was determined via a CNC. Therefore, developing a new receiver capable of
VLP-based orientation estimation will enable more sophisticated control strategies. Bernades
et al. [69] proposed a multi-PD based system for estimating the orientation of the receiver for
an infrared (IR)-based positioning system. A similar approach can be applied for estimating the
complete pose (both location and orientation) of the receiver. Incorporating orientation
information into the algorithm and conducting new benchmarking experiments will open new
avenues for investigation. Obstacle avoidance and path planning can also be investigated in the

future. But this will require utilizing other sensors alongside PD.
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Chapter 5 - Ultrasound Indoor Localization Using
Spring Relaxation Technique

In the earlier chapters, the research has been concentrating on the primary mode of localization
which is based on Visible Light Communication. The problem exists when the positioning
method relies only on one type of technology. In the event when there is sudden loss of sight
due to malfunctioning of some LEDs or obstructions in the room, what alternative can be
offered to compensate for the loss of position or direction of a mobile unit? There is a need to
study other sensing which could help to compute the position of the mobile device/robot. This
gives the motivation to the study on ultrasound for indoor localization, reportedly giving
position accuracy which is on par with the Visible Light Positioning (VLP), in the order of
centimetres [32, 70]. Ultrasound operates in the frequency range which is above the human
hearing limit of 20KHz. For distance measurement, the frequency used is normally around
40KHz, and for medical usage the range is from 2.5MHz to 40MHz[71]. This chapter reports
the development and experimental results on Ultrasound Indoor Localization (UIL) system
based on Spring Relaxation (SR) technique. The UIL system uses 4 Ultrasound (US)
transmitter modules which are mounted on the ceiling, and a receiver microphone acts as the
target or mobile unit whose movement is controlled by the CNC machine that allows the unit
to move within a 2-dimension XY frame test rig. The metallic XY frame has the size of 1.2m
x 1.2m, and this is placed at 1.6m below the ceiling. The experimental results obtained from
Spring Relaxation method are benchmarked against the linear least square based lateration
technique. This system is also compared with VLP using the same platform set up. The

obtained results show the UIL to be more accurate than the VLP in the same environment.

5.1 Time of Flight, TOF estimator

The principle of distance measurement using ultrasound is based on Time of Flight (TOF), the
time taken by the ultrasound signal to reach the receiver sensor at the distance, d away

d=c XTOF (5.1)

where c is the speed of sound. The relationship between ultrasonic velocity in the air medium

and the environment temperature can be expressed as [72]
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¢ ~ 20.06 VT + 273.15 (%) (5.2)

Here T is the temperature in degrees Celsius. At 20 °C the speed of sound, ¢ = 343.5m/s.
There are a number of ways to measure TOF [73], but the two most common ones are threshold
method and cross correlation method. Figure 5.1, adopted from [74], gives an example of how

TOF estimation is obtained by the threshold technique.

10 T T T
‘ ; : : Transmitted signal

h

Amplitude [ V]
o

—-10

¢ [ms]
o4 | § | [~ Received sigual
=l I[N
324 m;w )Ilw‘wn """ """""" """""" """""""

f [ms]

Fig. 5.1 TOF estimation by threshold method [74]

It shows that the TOF value is obtained as soon as the received signal crosses the threshold
level, not long after the signal pulse is sent out. However, the main problem with this method
is, that the measured TOF is normally larger than the actual TOF, thus making the target appear
to be further than its actual distance. This is the result of the long rise time of the signal
produced by the narrow bandwidth transducer at the reception side. The error could be
corrected if the received signal is constant. However, in practice it is hard to achieve because
of factors like signal-to-noise ratio (SNR), threshold level, and target location [73] which cause

the amplitude fluctuation at the receiving end.
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Another option is the use of cross-correlation technique between the transmitted signal and
received signal. The TOF is measured at the time when the cross-correlation result reaches its
peak. The technique works well with low SNR signals and it is less affected by low sampling

rate problems [74]. Figure 5.2 shows an example of TOF obtained by cross-correlation.

T
Transmitted signal |
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o
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%: ) r \ r ‘ I |I R:c;iv:d signal
] —0'50 0.5 1 1?5 é 2i5 3

Amplitude

Normalised

0 0.5 1 1.5 2 2.5 3
t [ms]

Fig. 5.2 TOF estimation by cross-correlation technique [74]

The cross correlation function of transmit signal x(t) and the received signal y(t) is [75]

Ryy (1) = Jim 2 [y x(6) y (¢ + T)dt (5.3)

The peak value of cross correlation result is corresponding to t which is the lag time between
these two signals. Using equation (5.1), the target distance can thus be derived.
5.2 Review of past ultrasound indoor localization system

Most of the ultrasound positioning systems use Time of Flight (TOF) signal characteristic to
measure the range distance between the transmitter and receiver. TOF is also referred as Time

of Arrival (TOA). Other commonly used characteristics are Time Difference of Arrival
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(TDOA) and Angle of Arrival (AOA). Once the range distance has been obtained, majority of

researchers prefer to use lateration to compute the position of the target or mobile unit.

This section looks into various UIL systems reported in the literature. VVarious aspect of their
US transmission/reception units have been studied, for example what type of US transmission
signals have been applied - resonant frequency of 40KHz or some other signal characteristic
such as chirp signal used for range measurement, localization algorithm, test bed size and
position accuracy. The review only focuses on the practical and experimental type of UIL

system rather than the simulation type of UIL. Table 5.1 gives the evaluation of those systems

based on the above categorization.

Table 5.1 Evaluation on the past ultrasound indoor localization (UIL) systems

Ref

Spectrum

Range
measurement

Localization
algorithm

Methods

Position
Accuracy
Error

[76]

40KHz

TOF/TOA

Multilateration

-Object has array of 5
transmitters arranged in
hemispherical pattern

-16 receivers on the ceiling.

- distance between 2 receivers
is1.2m

-sub room scale

95-percentile
140mm

[77]
Bat
system

40KHz
ultrasonic
pulses of a
50-ps
duration

TOF/TOA

Multilateration

-US transmission emitted
from user’s badge (Bat)
-Central controller sends
signal through wireless link to
activate the badge to send US
pulse to the receivers

- 750 receivers on ceilings,
wired in daisy chain network.
Each receiver unit has a DSP
microprocessor and matched-
filter signal detection circuitry
-50 badges given to
employees. Each badge has
unique 48-bit ID code

- Office scale with 3 floors of
1,000 sg. m (consists of many
sub sections)

95-percentile
30mm

[78]
Cricket
system

40KHz

TOF/TOA

Multilateration

-4 transmitters placed around
1.2m apart on the ceiling

- target unit with 5 receivers
arranged in “V” shape in few
€M across

-sub room scale

95-percentile
56mm -
250mm (at
various target
locations)

[79]

Chirp signal
— range not
mentioned

TDOA

Multilateration

-12 US transmitter beacons on
various places on ceiling —
Receiver on the target unit

- Room area (5.2m x 3.6m )

200mm
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[80] 50KHz TOF/TOA Multilateration | -8 receivers on the ceiling 95-percentile
Dolphin | (Dolphin) about 0.5m -1m apart 50mm
system - one mobile target unit with

transmitter placed at various

test points

-4 fixed transmitters at 0.75m

above the floor to test multiple

access potential of broadband

system

-sub room scale (3.5mx2.6m)

[81] 40KHz TOF Trilateration -7 US receivers on ceiling 90-percentile
-mobile transmitter tag is <150mm
placed 2.6m above ground
-Room area (5mx3m)

[82] 45KHz AOA and Trilateration — 3 transmitter beacons on the | 99-percentile

TOF ceiling corners 95mm
-a mobile unit with 3 receivers
arranged in triangle (placed
2cm apart)

-Sub room scale
(3.5mx2.85m)
[83] 19KHz to TDOA Multilateration | -The transmitters are sending | 95-percentile
23KHz each of their ID code sound <100mm
clip through the public PA
system
-Receivers are mobile phones
and tablets
-Atrium

[84] 21.5KHz TDOA Asynchronous | - 4 microphones placed just Mean of
from mobile Trilateration below ceiling 100mm
phone -mobile phone (target unit)

transmit the US, placed 1.6m
below ceiling
- Room area (7mx7m)

[85] 18KHz- TOF Geometrical -Localization of a person in static position
22KHz chirp method static position and moving , median
signal position. Based on first error

reflection from the human =150mm and
body in the line of sight and moving

the second reflections from position,

the 2 reference walls ( median error
together with unscented =80mm
Kalman filtering)

-Sub room scale

[86] Not TDOA Trilateration -5 receivers on ceilings Approx.
mentioned, -1 transmitter on mobile unit mean =
presume - Sub room scale(2mx2mx2m) | 50mm
40KHz

[87] 40KHz (6 TOF/TOA Multilateration | -6 transmitter on ceilings Approx.
transmitters -1 mobile receiver unit mean =
on ceiling) -Sub room scale(2.4mx0.9 m) | 160mm
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[88] Chirp signals | TOF Trilateration -Anchor receivers are mean
—range not with inertial connected using RS485 bus. deviation =
mentioned sensor data, - KUKA mobile robot 24.4mm, and

equipped with transmitter maximum
moving in reference path deviation =
- Sub room scale. 68.7mm
[89] PWM of TDOA Multilateration, | -5 receivers on ceilings Result
40KHz Linear Least connected using CAN applicable to
Square (LLS network test points
)and -1 transmitter on mobile unit that are under
Nonlinear - Sub room scale 45 degree
Least Square (2.5mx2.5mx2.5m angle of
(NLS) arrival.
techniques 90-percentile:
23mm for
LLS and
21mm for
NLS
[90] Not stated TOF Multilateration | -4 receivers with fixed Maximum
positions, each one is placed location error
at 1.5m height on the standing | is 10.2mm
pole
-1 transmitter on mobile robot
moving in slow speed within
circle track of radii of 0.5m

[91] BPSK TDOA Multilateration | -5 US transducer beacons on Mean error
modulation the ceiling, emitting 5 176mm
(63-bit different sequence codes
Kasami which are binary phase shift
sequences) keying modulated and 1 TOF
with two camera on the floor to
periods of a measure height of drone
sinusoidal -1 drone with receiver
carrier at -Sub room scale
41.67 kHz

From Table 5.1, it shows the position accuracy of the various UIL systems vary from 50mm to

over 100mm for 95 percentile, with the exception of Bat system [77] which gives 30mm. The

latter system has a sophisticated and extensive infrastructure. There are altogether 750 receiver

units and each has a DSP microprocessor and matched-filter signal detection circuitry.

Accordingly, the papers also quoted sources of errors from these positioning systems, for

example in [78] the inaccuracy is due to US reflection from the nearby wall or multipath

propagation effect. The noisy receiver is one factor to be looked into from [80]. Hardware

limitation is another contributor of uncertainty error as suggested by [88], for example using

infrared synchronization method can cause approximately 0.6mm uncertainty in the ultrasound

based distance measurement, in addition, the measurement update rate can be affected by the

communication speed over the RS485 bus.
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5.3 Ultrasound Hardware: Transmitter and Receiver

The US transmitter and receiver used in the localization experiment are MA40H1S-R surface
mount transducer/transmitter and microphone receiver WM61A respectively- Figure 5.3

Fig.5.3 (a) MA40H1S-R transmitter Fig.5.3 (b) WM61 condenser microphone receiver -
both sides

The actual transmitter/transducer circuit board is made out of a cluster of 8 MA40H1S-R,
connected in parallel and soldered closely to each other as in Figure 5.4. The US receiver
system has a WM61A microphone, with an inbuilt high pass filter and pre-amplifier circuit

encapsulated in one casing. Figure 5.5 shows the US receiver system.

F Wire connected
~ toDThboard —
: MBF round

 Eight MA4OH1S-R by

transmitters connected in

Fig. 5.4 Actual transducer board Fig. 5.5 US receiver system - consists of
WMBG61A, high pass filter and pre-amplifier
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The ultrasound signal is captured through the WM61A microphone and a high pass filter cuts
off signals below 10 KHz. The signal is then amplified through pre-amp circuit, so that it can
be processed by analogue to digital converter (ADC). The digital data is saved in the database
for the use of localization analysis later on. An overview of the receiver set is depicted in Figure

5.6(a) block diagram and Figure 5.6(b) shows its schematic circuit.

.TX

s

A/D converter

and data
processing
Fig. 5.6(a) Block diagram of receiver system
VCC 22 Volt battery (two 11 volt battery in series)
R2 ‘[‘
182K
LR3
R4 >
330K
R 2K 5 NES534A
RS a1 ¢ 1_OpAn
Il 33 cs ==C2Cap ==C3
33K ) 6 1l Cap
2 10 0.1uF 10uF
90pF 3 Cap
a R7 1.5nF
390K
LR1
390K RS
R6
150
K)\\Mom 10K
—C4
Cap
0.1uF
) i

GND

Fig.5.6(b) Schematic circuit of receiver system
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-3dB point
| dB =

Rp

fc Frequency (Hz)

Fig.5.7 High pass filter and its frequency response

The AC circuit analysis of Figure 5.6(b) shows that C1 and Rp (the equivalent resistance of
R3 in parallel with R1) effectively form the high pass filter with the approximate cut-off
frequency, f, of 10 KHz as shown in Figure 5.7

R3R; 330X 103 x 390 x 103 128700 x 10°

_ _ - — 178.75 K oh
P = Rs+R, 330x10°+390x103 720 x 10° onm

1 1

- =9.893 x 1076 x 10° = 9.893 KH
2GRy 2mx 90 X 10 2 x 17875 x 105 093 X 1077 x 107 =9.893 KHz

fo=

Therefore, f, = 10 KHz

Because the signal received is rather small, a high gain amplifier is needed to boost the signal
in this case, this gives:

R; _ 390x103

—= = 2600
Rs 150

Gain of the Pre-Amp =

This circuit is intentionally designed with no high frequency cut off so that ultrasound signal
in the range between 20 KHz to 40 KHz can be captured.

5.3.1 DT9836 Data Translator (DT) board

Another important piece of hardware equipment in the US localization experiment is the
DT9836 Data Translator board. The DT9836 Series provides USB 2.0 multifunction data
acquisition (DAQ) modules. All functions of the DAQ (A/D, D/A, DIO, counter/timers, and
quadrature encoders) can be simultaneously triggered internally or externally [92]. The

DT9836 Board and its various DAQ module outputs can be seen in Figure 5.8(a) and its key
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features are given in Figure 5.8(b). The data translator board, DT9836 is essential in
synchronizing the transmitter and receiver operation, which is necessary for estimating the
TOF.

Counter/Timer, Analog
Output, External Clock and
Analog Output Connectors Trigger Connector

DATA TRANSLATION " v \j ANALOG INPUT

f——— ES
Up to 12 16-bit 225 kSisich

Simultaneous A/D

Simultaneous 10V, 25 v %500 V ch-ground

ANALOG OUTPUT

Uptod 16-bit Up to 500 kS/sich

Clock and Trigger Connectors
Analog Input Connectors Digital /O Connector
Fig.5.8 (a) Fig. 5.8 (b)
DT9836 board with BNC connectors[92] Key features of DT9836 board [92]

Besides, the DT9836 series module also supports MATLAB software suite which gives an
added advantage as the result interpretation can be visualized in graphics. The DT board
becomes the main driver for both US transmitter/transducer and US receiver. A broad view of

connection between DT board, transducer and received is illustrated in Figure 5.9(a).

IE]
?

DT9836 Board ’

Analog output (DAC

" Cableto
transducer

DAC Cho
O

Transducer board > Receiver

(Eight MA40H1S-R ) ing ul . (WM61A
transmitters) TOUBHBINE WiHSONC wave , microphone)

distance, d

(@) (b)
Fig.5.9(a) A broad view of interconnection between DT9836 board, the transducer and the receiver
Fig.5.9(b) Hardware connection of transducer and receiver to DT board

The transmitter/transducer signal was digitally generated using MATLAB script and its
conversion to analog output is produced by the DAC module of the DT board. The analog
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signal taken out from the DAC Ch0 shown in Figure 5.9(b), is responsible for driving the cluster
of MA40H1S-R chips which form the transducer board in Figure 5.4. In addition, the
connections made on the DT board allows for simultaneous capture of both the transmitting
and receiving signal, so that these can be displayed on MATLAB screen. This is achieved by
analog to digital conversion of transmitting signal via input AD Chl. In the meantime, the
receiving signal from the microphone and pre-amp circuit is captured by ADC channel, AD
ChoO of the DT board.

5.3.2 Chirp signal

Generally, there are a few types of signals which are commonly used for ultrasound
transmission, these are chirp signal, tone signal and hamming window signal as shown in
Figure 5.10. The chirp signal is widely used in radar applications due to its Pulse Compression
characteristic [83, 93, 94]. It has range enhancement capability and a good level of noise
immunity, thus leading to good SNR performance. Effectively, it increases ranging resolution
as well as receiver sensitivity [83]. This experiment adopts the chirp signal over the other two
for the indoor ultrasound localization system due to such advantageous characteristics.

Chirp signal

1

Hamming Window signal

[=]
(3]

|

Amplitude

S
o

-1

o

02 04 06 0.8 1
Time[s]

Fig. 5.10 Different types of signals for ultrasound transmission

The specified frequencies for the linear up chirp signal in the experiment is from frequency
fo = 20KHzto f; = 35KHz. The signal can be defined as:

R(tm) = CO0s (27Tf0 ty, + %mz ), 0<tm<Tw (54)

2w (f1i—fo)
T,

w

where chirp sweep rate, u = and Tw= transmission time taken to sweep from f, to

fi,and t,, is m" transmit sample time
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The transmission time, Ty for the signal is 1ms. At the receiver side, the sampling frequency is
set to 500KHz at the ADC input. For the recording period of 40ms, there will be 20,000 samples

taken. Figure 5.11 shows the transmitted and received signals averaging out of the 5 readings
taken at one position.

Amplitude [V]
N

Amplitude [V]
N o

4 | il
| [ | ( | ‘ [
_st HAMMERE AT RTINS
0 2 4 6 8 10 02 04 06 08 1 1.2
Time [ms] Time [ms]
Fig.5.11(a) Transmitter(red) and receiver(blue) signals  Fig.5.11(b) Expanding the transmitter chirp

signal-frequencies ranging from 20KHz to
35KHz

5.4  Implementation of Ultrasound Indoor Localization System

The Ultrasound Indoor Localization (UIL) prototype system consists of four ultrasound (US)
transducer/transmitter boards as described, and these are placed on the ceiling. The target object
consisting of WM61A microphone receiver unit was mounted 1.6 m below a computer
numerical controlled (CNC) machine with a dimension of 1.2 x 1.2 m. The CNC machine has
an accuracy of 0.025 mm, of which the magnitude is better than the expected localization
accuracy of the UIL system. The receiver unit, mounted onto the CNC machine, can be moved
to various test locations with a very high accuracy. This ensures that the ground truth is

accurately recorded. Figure 5.12 illustrates the UIL system test rig set up that was used.
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Fig. 5.12 (b)The actual UIL test rig with CNC machine Fig.5.12 (c) A closeup view of the receiver
microphone on the CNC

5.4.1 Data Collection

The four anchor transmitter stations TX1 to TX4, shown in Figure 5.12(b), send out their
ultrasound waves to the target object. The transmit and receive hardware is synchronized
through the DT board - as described in Section 5.3.1. In a real-world implementation, an RF or

infrared signal can be used to trigger the synchronization between the US emitter and receiver
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[95]. A time division multiple access (TDMA) [96, 97] scheme can be deployed to multiplex
the ultrasound emission between these anchor/emitter nodes. At any test point, there will be
four different range values (computed using TOF), e.g. D1, D2, D3 and D4 obtained at one
location, see Figure 5.12(a). Figure 5.13 shows how the CNC machine was used to obtain
measurements with the target object (microphone in this case) at a range of positions in a grid
pattern starting from coordinate (Omm,0mm) to coordinate (1200mm, 1200mm) with 50mm
step increments between measurement locations. Altogether 625 positions are to be recorded,
and 5 readings are taken at each point (later each position will be average out of these 5
readings). The total number of recorded received signals in this case, for example, from TX1
is 625 x 5 = 3125, and the same numbers are recorded for TX2, TX3 and TX4.

kxS cpimensional A ¥ Frane @ o oo v o
D e
YIS
mmmmmmmmmmmmmmmmmmmmmmm
VYNV
mmmmmmmmmmmmmmmmmmmmmmm
vvvvvvvvvvvvvvvvvvvvvvv
MOKOK K K K K A K K K K K K K K K K K X X K X
1000 KKK KKK K KKK KKK KKK KK KKK
XK K K K K K K K K K K K K K K K K K K X X X
wwwwwwwwwwwwwwwwwwwwwww
NN AN N N N KN KN KN AN KN KN AKN KN KN NN KN NN AN
S Sk N N N N N NE N N N NZ NN N NN N NN N N N
mmmmmmmmmmmmmmmmmmmmmmm
SK— S Sk N N Ne N N NZ O Ne N N NZ N N N NE N N N NE N N
mmmmmmmmmmmmmmmmmmmmmmm
800 KKK KKK KKK KK KKK KK
mmmmmmmmmmmmmmmmmmmmmmm
VYISV
mmmmmmmmmmmmmmmmmmmmmmm
vvvvvvvvvvvvvvvvvvvvvvv
XK K K K K K K K K K K K K K K K K K X X X X

—
vvvvvvvvvvvvvvvvvvvvvvv
€ MOKOK K K K K A K K K K K K K K K K K X X K X
mmmmmmmmmmmmmmmmmmmmmmm

£
SK— S Sk N N Ne N N NZ O Ne N N NZ N N N NE N N N NE N N
N i e
NSNS
XK K K K K K K K K K K K K K K K K K K X X X
VYIS R
MoK K K K K K K K K K K K K K K K K K X X K X
wwwwwwwwwwwwwwwwwwwwwww
400K ¥ K K K X K K K K KK KKK KKK KK KK KX
wwwwwwwwwwwwwwwwwwwwwww
XK K K K K K K K X K X X K K K K K K X X X X
NIV IR
mmmmmmmmmmmmmmmmmmmmmmm
VIV VIV,
mmmmmmmmmmmmmmmmmmmmmmm
mmmmmmmmmmmmmmmmmmmmmmm
VYIS
MoK K K K K K K K K K K K K K K K K K X X K X
NV
XK K K K K KK K K K K K X K K K K K K K X X
K X,
O\V\VWW\VW\V\V\V\VW\V\V\V\VW\V\V\V\V\V\V\V
mmmmmmmmmmmmmmmmmmmmmmm

Fig.5.13 Traverse path of the target object equipped with microphone receiver in the CNC’s 2
dimensional XY plane. The asterisks show the test points where the data was recorded

The next step is to get the TOF values from the previously stored raw data of four transmitters
and then converted to ranges (D1-D4) to be kept in the database for the usage in the localization
algorithms. The ambient temperature impacts the speed of sound in the air, ultimately affecting
the range estimation. Therefore, the room temperature was recorded during the experiments.
For a real-world system, a temperature sensor of high accuracy and low power consumption

(e.g. TMP117) can be collocated with the receiver tag.

2 https://www.ti.com/product/TMP117
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5.4.2 Estimating Time of Flight Using Cross-Correlation

This experiment uses the cross-correlation technique to measure the TOF. The discrete time
cross-correlation function of transmit signal x[m] with the received signal y[m] can be defined
mathematically as [75]:

Ryy [k] = Xm=o x[m] y[m — k. (5.5)

where m is the sample index, M is the total number of samples, and k is the number of samples
that the data is shifted. This shift can be related to a time shift t using k = t F;, where F; is
the sampling rate. The time shift when the cross correlation reaches its maximum value is taken
as the estimate of the TOF. This technique works best where excitation waveforms are used for
transmission that have good autocorrelation properties such as chirps.

Figure 5.14 shows a sample of a raw signal measured at a target’s position, n=72 and the cross-
correlation of this signal with the transmit signal. Here there are multiple peaks in the signal.
The first peak is the direct path signal which is the one that is used for TOF measurements. The
other peaks are due to multipath signals resulting from echoes from walls, the floor and any
surrounding artifacts. A threshold method can be used to select the direct arrival signal for TOF

measurements and avoiding the secondary peaks that resulted from multipath echoes.
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Fig. 5.14 An example of the receiver’s signal taken at one of the target’s positions is plotted in (a). The
corresponding cross-correlation signal is shown in (b). Multipath signals can be seen

55 Spring Relaxation Localization Algorithm

The concept of Spring Relaxation (SR) technique in the application of location estimate can
simply be explained with finding the net force [98] of a set of fictitious springs [12] connecting
to the target unit whose position is to be determined. Figure 5.15 shows that 4 separate springs
where each end is attached to its corresponding anchor node or transmitter node. These anchor
nodes are at the fixed and known positions, whereas the other end of each spring is attached to
a moving target (with receiver sensor). Each spring has a natural length when the net force
experienced by the target is zero. Normally the target receives a zero net force whenever the
springs are at their relax positions. The spring’s natural length is found through the range

measurement using TOF.
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Fig.5.15 Application of Spring Relaxation technique for location estimation

Now assume the target unit is at the initial guess position as illustrated in Figure 5.15, and the
target’s final position at the nth position ( the actual location of the target) is to be estimated.
Each spring’s length, | will be computed by taking the difference between the current estimate
position and its corresponding anchor’s position. According to Hooke’s law, the force exerted
on each spring is described as F = K(l — l,) , where | is the current length of the spring , lo
of the natural length of the spring and K is the spring constant (assume K =1 in this case). Each
spring will either be compressed or expanded according the difference (I —[,) that gives a
positive or negative vector force, F that exerted on the target object. At each iteration of SR
algorithm, the net force which is the vector sum of the individual force, m = Z?’:l?‘: (where
N = total number of fixed transmitters) will move the target for a small distance in the direction
of the net force. The net force is non zero to start with at the initial guess position. The total net
force reduces each time the target moves toward the final destination. The SR iteration
algorithm stops when the net force received by the target unit reaches zero or a pre-defined

threshold value, eg. 10* Nm.

According to [12], the location of i*" transmitter or anchor node is given as a cartesian complex

number:

Xi=x+jyi, (5.6)
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where i=1to 4 ( TX1 to TX4 in this case) and the imaginary number, j = v—1, is used here

to represent the y-axis direction.

The current estimate coordinate of the target is given as:

Xest = Xest +J Vest (5-7)

The current length of each spring is :

li = Xest — X; (5-8)

The individual force exerted on the target by the i spring can be represented by the exponential

and polar formats as follows

F(i) = | rin — i €% = |1y — L] angle (6y), (5.9)

where 7;, is the horizontal distance range measurement (natural length) at the target’s n™
position and i = 1 to 4 (i.e. the spring number)

The net force exerted on the target will be:

Frot = L F() (5.10)

At each iteration of SR algorithm, the target will move a small step size from its current

position towards the direction of the net force, F,.; . Hence the target’s new current estimate

position is:

Xkl = xm, + AFT, (5.11)

where m is the iteration number and A is the applied step size.

From here, the SR algorithm will update [; (equation 5.8) based on the new estimate of the

current coordinate, and re-calculate the individual force and the total net force on the target.
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The algorithm repeats the whole process and updates the location estimate, and it will stop

processing when the net force reaches a pre-defined threshold value, o :
e < 0, (5.12)

where ¢ can be set at 10 or lower for example

5.6 Ultrasound Localization Results

As per the discussion in Chapter 2, the accuracy of a localization system is evaluated through
measuring the localization error which the Euclidean distance between the ground truth and the
estimated position of the target. Statistical measures like the CDF, mean, median and percentile
values of the localization error are used to investigate the localization accuracy.

5.6.1 Spring-Relaxation Results

A value of 625 positions (see Figure 5.13) were tested. For this testbed, the larger ranging
errors appear in the regions that are closer to the transmitters, as shown in Figure 5.16. This
was believed to be due to echoes being picked up by the microphone when the receiver was
located under one of the transmitters. These multipath components were not resolved, leading

to error in TOF measurements.
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Fig. 5.16 Measured ranging errors as a function of horizontal distance from the transmitter. Larger
ranging errors occur when the receiver is near the transmitter

This range-dependent error leads to modification of Equation (5.9) by applying weightings
while calculating the forces acting on the springs giving:
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F(@) =w() |r,— ;| angle (6;;) (5.13)

The weights are estimated as:

w(i) = o— (5.14)

i=17i

The weighting w(i) is analogous to the spring constant, with larger springs, representing larger
Tx-Rx (Transmitter to Receiver) separation, considered stiffer. Thus, the larger the spring, the
more the contribution it has to the net force, since the ranging is more accurate for larger Tx-
Rx separations. While the concept of variable stiffness has been utilized to account for the
measurement uncertainty in wireless sensor networks [99], it has not been applied for the

mitigation of US ranging error.

As a result of applying variable spring stiffness (Equation 5.13), the localization performance
was seen to improve as demonstrated by the CDF (cumulative distribution function) plot shown
in Figure 5.17. It shows the probability that an error of a particular size will occur. For example,
it can be seen that with identical spring stiffness, 90 percent of the errors are less than 33.8 mm.
The mean error reduced from 17.6 to 13.0 mm when using the weighting method. Table 5.2

summarizes the results of the SR algorithm for the two cases.
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Fig. 5.17 Cumulative distribution function, CDF, of spring- relaxation localization error. The red line

corresponds to no weighting (uniform springs) being used. The blue line corresponds to weighting
(variable stiffness springs) being used
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Table 5.2. Localization accuracy of the proposed spring-relaxation algorithm

With Identical Spring Stiffness With Variable Spring Stiffness
(no Weighting) (with Weighting)

Median = 15.2 mm Median = 12.4 mm

Mean error = 17.6 mm Mean error = 13.0 mm
90-percentile = 33.8 mm 90-percentile = 21.8 mm
Std-deviation = 12 mm Std-deviation = 6.9 mm

5.6.2 Benchmarking Spring- Relaxation (SR) with Linear Least Square (LLS)-Based
Lateration

The ultrasound indoor localization (UIL) accuracy error obtained from both the methods of
LLS lateration and SR are shown in Figure 5.18 and Table 5.3. As can be observed, the SR

algorithm outperforms the lateration in terms of accuracy.
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Fig. 5.18 UIL localization accuracy error for spring- relaxation and LLS lateration. LLS: linear least

square
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Table 5.3 Localization accuracy error of the spring-relaxation algorithm compared to LLS lateration

Lateration Spring-Relaxation
Median = 13.8 mm Median = 12.4 mm
Mean error = 14.5 mm Mean error = 13.1 mm
90-percentile = 25.2 mm 90-percentile = 21.8 mm
Std-deviation = 8.0 mm

Std-deviation = 6.9 mm

5.7  Benchmarking with Visible Light Positioning

To benchmark the performance accuracy of UIL against Visible Light Positioning (VLP)
system, the same test bed and algorithm applications are applied to the 2 systems. The VLP
system implemented here used the exact platform set up as the above ultrasound indoor
localization (UIL) system as described in section 5.4, also see Figure 5.12. Four LED
luminaires were placed in the same positions that were previously occupied by the US
transmitters. The details of the VLP hardware can be found in Chapter 4. For the experiments
conducted, the luminaires were set to unique frequencies of 2.5, 2.7, 3.2 and 3.5 kHz,

respectively, allowing for Frequency-Division Multiplexing (FDM) of the transmitted signals.

During the offline stage, the RSS—distance relationship was found by calibrating the
Lambertian propagation model. RSS data were collected at a set number of pre-determined
locations for the parameter calibration. For this experiment, it involved in taking offline RSS
measurements at 17 points to estimate m; , the Lambertian order for model calibration. Refer
to Figure 5.19 for the location of the calibration measurement points. Please refer to Chapter 4,
Section 4.4 for detail explanation of offline calibration of VLP.
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Fig. 5.19 Measurement locations and test setup for the VLP system [100]

Once range distances are found from for all four luminaires, the spring relaxation algorithm
outlined in Section 5.5 was used to find the location of the target. Here the target object with
the photodiode sensor, is taking the place of microphone receiver unit. The localization

accuracy of the VLP is shown in Table 5.4 and in the CDF plot shown in Figure 5.20. As can

be seen, the UIL system is far more accurate than the VVLP system.

Table 5.4 Localization accuracy of the UIL compared to VLP.

Ultrasound indoor localization (UIL)

Visible light positioning (VLP)

Median =12.4mm
Mean error =13.0mm
90-percentile =21.8mm
Std-deviation =6.9 mm

Median =33.7mm
Mean error =36.5mm
90-percentile  =58.6 mm
Std-deviation =17.3 mm
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Fig.5.20 Benchmarking the UIL against VLP using a CDF showing UIL is more accurate.
Mean, Median, 90th percentile and standard deviation of the error shown in Table 5.4 [100]

5.8  Summary

The SR algorithm was successfully implemented for an UIL system to achieve accurate
positioning. For the experimental set up utilized, SR outperforms the well-known LLS-based
lateration technique. Furthermore, the UIL system was found to be more accurate than a VLP
system. Unlike the VLP system, the UIL system does not require parameter calibration, only
needing the ambient temperature, making it easier to deploy in a changing environment. It
should be noted that VLP has the advantage of being able to potentially leverage the existing
lighting systems if the luminaires are enabled with VLC technology. In such a scenario, the
ultrasonic technique can be fused with the VLP system to extend coverage, eliminate blind
spot, provide fault tolerance and maintain the robustness of the system in case one of the

luminaires becomes faulty.
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Chapter 6 — Conclusion

The focus of this PhD was on addressing several gaps in the literature of visible light

positioning. The contributions made can be summarised as follows:

Chapter 3: The localization accuracy of the popular Weighted KNN can be improved
by using the Squared Chord Distance (SCD) rather than the commonly used Euclidean
distance (ED). This is supported by experiments conducted on a room-scale VLP

testbed.

Chapter 4: Reasonably simple VLP system using cost effective photodiode-based
sensor can potentially be used to control a 2D robot. This conclusion is supported by
the experimental data collected while driving a CNC machine using solely a VLP

employing two proposed novel algorithms.

Chapter 5: Ultrasonic localization system is very accurate and can be a viable option
for supplementing the coverage of a VLP system. This is based on the experiments
conducted with a custom-made ultrasonic localization system and a same-platform

benchmarking against a VLP system.

6. 1 Future Work:

As outlined in the previous section and in Chapter 1, this PhD work has made several original

and novel contributions to the discipline of Visible light positioning. Further research can be

carried out to extend the works presented in this thesis and to address the research gaps that

were not covered during this PhD research. These include:

Application of neural network for fingerprint based VLP
o The work presented in Chapter 2 utilised WKNN algorithm for online
positioning. In the ensuing years, neural networks have become popular for
fingerprint-based positioning. Therefore, an obvious avenue to explore in the
future is to investigate the efficacy of neural network-based positioning.
However, more extensive data collection might be necessary to accommodate
the needs of neural networks that typically requires large amount of data for

training.
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3D positioning

©)

The VLP systems and the algorithms developed for this PhD work are
applicable to 2D positioning only. While for many applications, only 2D
positioning is required, there are also popular use cases for 3D positioning (e.g.,
controlling UAV). Therefore, future work should explore 3D positioning using
visible light. Such 3D positioning could involve utilising a receiver with

multiple photodiodes and the incorporation of inertial measurement unit.

Mitigation of the impact of tilt

(@]

The VLP algorithms were developed with the assumption that that the PD and
the luminaires are parallel. If the receiver tilts, the localisation estimate gets
impacted. For many applications, a simple gimbal can ensure that the receiver
maintains its orientation. However, there are also models [68] that addresses
this issue and thus can be adopted. Incorporation of accelerometer and inertial
measurement unit can be a potential approach to account for the tilt of the

receiver.

Pose estimation

o

Pose comprises of location and orientation. For the work presented in Chapter
4, the location was determined by VLP. The orientation was determined by the
CNC. Therefore, developing a new receiver capable of VVLP-based orientation
estimation will enable more sophisticated control strategies. Bernades et al. [69]
proposed a multi-PD based system for estimating the orientation of the receiver
for an Infrared (IR)-based positioning system. A similar approach can be
applied for estimating the complete pose (both location and orientation) of the
receiver. Incorporating orientation information into the algorithm and
conducting new benchmarking experiments will open new avenues for
investigation. Obstacle avoidance and path planning can also be investigated in
the future. But this would require utilising additional sensors alongside the PD.
At this point a standard mobile robot can be employed rather than an emulated
robot like a CNC.

Sensor fusion for fault tolerance
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The investigation carried out in Chapter 5 clearly shows that ultrasonic
positioning systems are extremely accurate. Therefore, they can potentially be
utilised to supplement the light sources and eliminate the coverage “blind spots”
of the VLP system. Development of such a fault tolerant system has been left
for future works. A sensor fusion approach utilising some form of a Kalman

filter can be potential method for achieving robust sensor fusion.
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