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Abstract

Indoor positioning systems (IPS) have been researched extensively both commercially
and in academia owing to the wide array of applications they cater to such as indoor
navigation, occupancy tracking, asset tracking, virtual or augmented reality, targeted ad-
vertisement or information delivery and point cloud registration. Several radio frequency
(RF) applications have been employed in an attempt to solve this problem. However, due
to interference and multi path effects, they have struggled to achieve high positioning
accuracy and scalability. One technique gaining traction over the past decade is visi-
ble light communication (VLC), where the frequency of the carrier wave is in the visible
light frequency range of the electromagnetic spectrum. The widespread adoption of light
emitting diodes (LEDs) has led to a simultaneous reduction in price and improvement in
quality which has pushed visible light positioning (VLP) to the fore since commercially
available LEDs are capable of supporting high switching rates with improved reliability.
While there are several extant positioning techniques, VLP has a unique set of advan-
tages, such as higher accuracy and lack of interference, which makes it viable for further

study.

VLP techniques employ photodetectors (PDs) or cameras, with the former playing a ma-
jor role in trilateration and the latter often playing second fiddle. While it is true that
with the standardization and widespread adoption of VLC, the PD may make its way
on to more commercial devices this will take a decade at the earliest. The camera on a
smartphone though is ready to use now and is here to stay. Of the popular camera sen-
sors complementary metal oxide semiconductor (CMOS) performs better than charge
coupled device (CCD) sensors in areas of power consumption, cost and frame rate mak-
ing it the natural choice for VLP. The performance of the most popular indoor positioning
techniques such as Wi-Fi based, magnetometer based or pedestrian dead reckoning ap-
proaches leverage sensors found on the modern smartphones. Hence, the smartphone
should be at the center of an indoor positioning technique due to its ubiquity and ease
of use. Therefore, CMOS sensor-based indoor VLP schemes with the smartphone at the

center, leveraging the onboard sensors, are to be explored. CMOS sensor based VLP

XV
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techniques can be split into two parts. The first of which is localization of the user with
respect to the transmitter and the second involves identifying the location of the trans-

mitter. We explore different techniques to solve each of these parts of the VLP problem.

While several VLP techniques have seen success using CMOS sensors for a single LED,
in most cases the field of view (FoV) of a front camera on a smartphone is much smaller
than the rear camera and lights are placed sparsely in offices since their primary objective
is illumination. Hence, during indoor navigation the front camera is bound to encounter
far more partial images of the light than complete images. We proposed a technique to
solve this problem by performing positioning on images where only two corners of a
square light are in the FoV of the camera. While most offices have square or rectangular
panel lights, we have chosen to use square lights owing to the added difficulty in posi-
tioning arising from all sides being equal in length. We detect the corners of the light
from an image and order them based on inertial measurement unit (IMU) readings from

smartphones to perform structure-based positioning.

Though we achieved high accuracy with a 3D geometry-based technique to identify the
relative position of the receiver with respect to the transmitter, we tested the performance
of machine learning models on this problem. To train these models we needed a lot of
images. Data augmentation techniques are generally employed in standard deep learning
problems. These range from scaling, rotating to inverting images which in this case
would make the image unusable. However, this application needs a lot of data to train
since we seek to regress both the position and pose from an image. Since collection
and labelling of images accurately is time consuming, we developed a Blender add-on to

simulate photorealistic images for training.

Once we know the relative pose and position of the camera with respect to the LED panel
light, we need to identify the location of that light. We used optical camera communi-
cation (OCC) to facilitate light localization. This involves sending a unique ID corre-
sponding to the light which is then received by the camera on the phone. The rolling
shutter effect of CMOS cameras provides a temporal record of the different states a light
has been in on the same image. This is due to each column of pixels in the image being
exposed one at a time. We developed a simulation technique to generate images, which
was then used to train a neural network to demodulate the ID from the received image.

Though no modifications are required in the receiver, to send the unique ID using the
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transmitter, we employ on off keying (OOK), which involves using an n-channel MOS-
FET as a switch to turn the LED panel light on or off depending on the encoded signal

from an micro controller.

We have explored techniques to facilitate camera based VLP, but these work only when
the user is under a light. When we are between lights, we propose using Wi-Fi fin-
gerprinting to limit outage. We leverage existing open-source datasets for training and
compare the model performance. However, the models trained on one building cannot
be used for another since these models learn the relationship of a specific set of RSSs
to the building and floor locations necessitating the expensive, time-consuming process
of fingerprinting. Even when we consider the individual datasets producing these ex-
cellent results, painstaking optimization is required which precludes people from trying
to implement indoor positioning quickly. Most of the input RSS vector is empty with
redundant information and the static class labels used for buildings and floors make the
models unusable on other buildings. We propose a machine learning-based framework
that uses RSS values from the strongest access point (AP) signals and normalized output

labels to combat this issue.
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Chapter 1

Introduction

1.1 Background and Motivation

Indoor positioning is an interesting problem space where even the global positioning
problem has found solutions achieving widespread adoption emerging as the clear win-
ner. However, the indoor positioning problem has yet to arrive at a winner akin to GPS.
This becomes important since the GPS signals suffer in indoor scenarios owing to walls
and dense architecture [1]. This has become far more important especially with the ad-
vent of location-based services (LBS) and the internet of things (IoT). There are several
new and novel applications of these services such as navigation, asset tracking, facility
management, targeted advertising, check in and check out services, warehousing, virtual
and augmented reality-based training. This along with the diverse applications of the
internet of things which has grown to encompass everything ranging from smart refrig-

erators to sensor networks for indoor air quality monitoring.

The indoor positioning problem has been approached from several angles with widely
accepted techniques such as Wi-Fi [2-5], radio frequency identification (RFID)[6, 7],
Bluetooth [8—11], magnetic field strength [12, 13] and ultra-wideband (UWB) [14-17].
While the UWB, RFID and Bluetooth approaches provide excellent results of centime-
ter level localization, especially in the case of UWB they require expensive beacons and
devices which can only be used for the purpose of localization. While these do have
their own niche in the case of applications that span relatively small areas and require
the highest possible level of accuracy such as drones [16], they are not scalable to cover

large malls or universities that benefit from location based services. Most indoor spaces,

1



2 1.1. Background and Motivation

especially the spaces that seek LBSs, are already covered by a Wi-Fi network and they
can leverage the magnetic field strength information which requires no additional infras-
tructure. Visible light-based positioning (VLP) techniques can be used to either replace
or enhance the positioning accuracy of the aforementioned positioning techniques. There
are several such approaches using photodetectors [18-21] or optical sensors [22-25] and
they have much better accuracy since the area they span is very small it is referred to as
an attocell [26]. If we apply the same logic of extra infrastructure required, the trans-
mitters sending codes or enabling communication, necessitate expensive hardware but
they do serve the purpose of faster communication nodes unhindered by radio frequency
interference which plagues Wi-Fi based systems. This communication modality, termed
Li-Fi was first introduced in 2011 by professor Harald Haas [26] and in the decade since

has seen a lot of interest.

Thus, most of the IoT and LBS applications require decimeter level accuracy and pro-
viding this using GPS is not viable [1], moreover there is another issue in the case of
buildings. This is the issue of figuring out the level a user is in, which is also impossible
using GPS. With the advent of smartphones almost everyone has access to technologies
employed for indoor positioning. Wi-Fi based techniques have seen widespread success
and adoption mainly because of the value proposition of existing infrastructure providing
additional functionality. There are approaches which bring together Wi-Fi and a slew of
other sensors [27] along with other infrastructure free data modalities such as magnetic
field strength, accelerometers and gyroscopes. Bringing such data forms together to fill
a gap in the positioning process is also studied extensively under the pedestrian dead

reckoning technique [28].

These bridging techniques are required mainly because of issues with Wi-Fi based tech-
niques such as accuracy and latency. The overall positioning accuracy is quite coarse in
most of the cases, more than a meter [29], while there are other improvements that can
solve these issues and improve the accuracy, they bring problems of their own. In the
case of channel state information (CSI), which can improve positioning accuracy of Wi-
Fi, the calculation of these values requires driver level access, and this is not available
in most cases and similarly in the case of round-trip time (RTT) newer standard routers
are required, which is possible in the case of new networks if the cost is manageable but

relegates all existing networks to lower accuracy.

The pursuit of visible light communication has persisted since the 19th century, with

various attempts being made to repurpose light as the carrier wave for communication.
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These efforts bore fruit in the beginning of the 21st century, with the use of light emit-
ting diodes whose fast-switching speeds made it a viable mode of communication. The
technology has now matured to the point where a fully networked communication system
can be setup based on visible light communication, called Light Fidelity (Li-Fi) rivalling
Wireless Fidelity (Wi-Fi). This has necessitated the sub-problems of latter, such as posi-

tioning, resource allocation, throughput improvement, be solved for the former as well.

The similarities of visible light communication and visible light positioning together to
the Wi-Fi positioning proposition makes the former a good replacement or a supplement.
The Li-Fi solution also provides high speed internet access apart from the positioning so-
lution which becomes an additional advantage. Among the other extant techniques wi-fi
is the only solution that can identify the user’s level in a building, while in the case of
all other techniques such as UWB and Bluetooth additional hardware is required. The
same can be achieved in the case of visible light positioning with the additional commu-
nication functionality same as the wi-fi advantage. In the case of visible light positioning
inexpensive microcontrollers can be used along with commercial off the shelf lights to
send codes [30] which can be used to identify different levels in a building. The visible
light positioning techniques are similar to the wi-fi solution in all of the advantageous

aspects of the latter while bringing its own set of advantages on top of these.

The advantages of VLP counteract some of the disadvantages of wi-fi such as radio fre-
quency interference which is one of the major reasons wi-fi becomes unstable for posi-
tioning over short distances, being influenced by occupancy and traffic in the access point
being used for positioning. In the case of visible light positioning there are no such inter-
ference problems owing to the large visible light spectrum. There are concerns about the
radio frequency radiation and its impact on small pets and babies in close range, which is
countered by visible light positioning in that lights do not raise such concerns among con-
sumers. The visible light positioning system also brings with it the line-of-sight (LOS)
condition, which in most cases becomes a disadvantage owing to the limited coverage,
but in this case, it prevents snooping on the network since walls block the light so a user
will have to be inside the premises to connect to the network. This cannot be guaranteed
in the wi-fi scenario which can be accessed past walls and even outside big buildings in
the case of limited interference. The line of sight condition also gives much better ac-
curacy in the case of visible light positioning with several studies achieving centimeter

level accuracy [31].
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The emergence of visible light communication (VLC) coincides with the development
of better light emitting diodes (LEDs) egged on by the emergence of the commercial
smart light phenomenon. LEDs act as the transmitter in the VLP schematic and their
improvement has also served to improve commercial lights. The lifetime of an average
LED has increased to nearly six years [32] which has made it commercially viable to see
ubiquitous deployment of LEDs which can be used for visible light positioning. These
lights have higher switching speeds and brightness compared to conventional lights which
has established these as the clear winner in the market making it easier for the deployment
of VLC in several commercial spaces using the lights installed avoiding the need for

newer hardware.

The VLP techniques thus vary based on the receiver since the transmitter remains the
same. The most common receivers are either photo detectors such as photo diodes and
photo transistors or optical sensors such as the cameras. The photodetectors are much
faster and accurate than the cameras, but they have to be retrofitted into the devices people
use while most smartphones and computers come with cameras. The photodetectors
have to be arranged in an array in the case of angle of arrival (AOA) and received signal
strength (RSS) approaches or the system needs granular control over the transmitter in
order to monitor minor parameter variations in the case of phase difference of arrival
(PDOA) and time difference of arrival (TDOA) based systems. The major reason for
cameras being an attractive alternative is the ubiquity of camera phones which does away
with the need for an additional device as in the case of RFID or UWB based positioning
systems. The craze for selfies also guarantees these cameras will get better over time

making this an exciting prospect for VLP.

The use of camera phones brings with it a bevy of sensors which can track rotation,
tilt and orientation with highly accurate results. The use of complementary metal oxide
semiconductor (CMOS) sensors over charge coupled device (CCD) was cemented owing
to higher speed and the rolling shutter effect which makes VLC possible on these images.
The main challenge is in the form of the geometric problem that needs to be solved to
track location, though additional sensors are available the additional data also has to be
processed on board the smartphone since sending images to external servers can alarm
users. The centimeter level real-time positioning problem becomes challenging when

faced with the limited computational resource the problem has to be solved with.
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1.2 Major Contributions

We aim to study techniques for accurate indoor localisation using smartphone cameras
and commercial off the shelf transmitters. While photodetectors being incorporated into
smartphones is certainly a possibility depending on future developments in VLC, CMOS
sensor based VLP is the most viable option for solving the positioning problem with the

devices and techniques currently at our disposal.

Indoor navigation for large areas such as malls and university campuses relies on indoor
positioning. In the case of smartphones, front cameras have to be used to ensure the
user can look at the screen, which tend to have a limited field of view compared to rear
cameras. This coupled with the fact that lights are installed sparsely ensures that a light
might not be fully visible within the field of view of smartphone cameras. While there
are techniques that estimate one of the corners when three corners of a rectangular LED
panel light are visible, none have reported results when only two corners are visible.
Using a novel computer vision based technique, the corners were estimated when only
two corners where visible leveraging 3D geometry and other sensors on smartphones to
improve positioning accuracy. The proposed technique was also shown to perform better
than state of the art positioning algorithms on images where the panel light was fully

visible.

Large commercial spaces have a wide variety of transmitters with different shapes and
sizes. Though images can be gathered after the lights are installed, simulation can allow
for testing, which can in turn help in development of positioning algorithms and opti-
misation of transmitter placement. Thus a novel tree-based positioning technique was
proposed leveraging simulated images. In the proposed technique,the simulated images
were used to train machine learning models which in turn was used to test positioning
accuracy on actual images. For want of a lightweight model without compromising on
accuracy, the corners were extracted from simulated images and used to train models.

Tree-based models were shown to perform better than the state of the art techniques.

Though the relative position of the receiver with respect to the transmitter can be iden-
tified quite easily, the localisation of the transmitter is more challenging. This can be
done using ID matching through optical camera communication. The lack of a robust
simulation technique to this end limits the ability to choose transmitters that allow for
improved detection rates. A novel simulation technique was proposed and experimen-

tal validation shows the robustness of the technique to different transmitter and receiver
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specifications. The simulated images were shown to be similar to the actual real world
images and better than the state of the art simulation techniques. An improved machine
learning model was trained to perform demodulation and bit error rates were shown to

be better than conventional models.

The usage of commonly available infrastructure such as wi-fi for indoor localisation fur-
ther improves positioning accuracy. A novel positioning technique leveraging existing
open source datasets was proposed. Feature engineering was used to achieve high posi-
tioning accuracy using existing open source datasets and compared to the current state
of the art positioning technique. The novel input and output normalisation schemes were
shown to allow for the reuse of existing datasets on new buildings. The proposed tech-
nique managed to achieve higher floor and positioning accuracy on 11 publicly available

datasets using lower computational effort and time.

1.3 Outline of the Thesis

The idea behind the thesis was introduced in the first chapter with the background of
the problem and motivations being outlined. The major contributions and outline of the

thesis were also delineated in this chapter.

A general problem description followed by different types of positioning techniques and
systems were introduced in the second chapter. The system model was outlined to de-
scribe a generic camera based visible light positioning system along with the general
positioning work flow. This distinction between different types of commonly used cam-
era sensors and the reasons for choosing CMOS sensors was outlined. The role of the
rolling shutter effect in the positioning process was highlighted. The range based and
range free techniques commonly used for visible light positioning were also discussed.
The computer vision problem at the center of the camera based VLP was explored fol-
lowing by deep learning based solutions. The use of sensor fusion was studied to bring

together sensors on board smartphones and CMOS cameras.

A 3D geometry based technique was proposed and tested in the third chapter. The prob-
lem being solved was described with attention to the different coordinate systems and
transformations between them involved in the same. The process of data collection us-
ing the experimental setup was described. The positioning technique was outlined with a

focus on the corner detection and ordering process using the IMU data for heading along
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with the image. The orientation, pose and positioning results for pictures where a rect-
angular LED was fully visible were reported and compared with results from the SOTA
solution. The positioning results of the proposed technique for images where the rectan-

gular LED was partially visible at two different heights were presented and discussed.

A machine learning technique based on simulated images was outlined in the fourth chap-
ter. The need for a simulation technique was introduced and the issues with extant simu-
lation techniques were explained. The proposed flow of the simulation and indoor posi-
tioning pipeline was detailed. The experimental setup used for data collection for training
and setting was delineated. The choice of model was discussed through reported results
from the simulated and experimental data. The mean 3D positioning error was compared
with a SOTA technique. The ability of the trained model to generalise learned informa-

tion beyond the data available in the training dataset was tested for different heights.

A OCC technique for indoor positioning was proposed and tested in chapter five. The
problems with current techniques were explained and the proposed technique was ex-
plained. The experimental setup used for collecting a testing dataset was detailed. The
current conventional and proposed demodulation techniques were outlined. The simu-
lated images were compared to experimental images using the discrete Fréchet distance.
The influence of different transmitter parameters such as shape, size and luminous in-
tensity on the proposed simulation technique were tested. The effect of image noise on
decoding techniques was tested. The effect of receiver parameters such as exposure time,
aperture, resolution on the proposed simulation technique were reported. Different mod-
ulation and encoding techniques were compared using bit error rate from the proposed

and conventional demodulation techniques.

A wi-fi based indoor positioning technique was proposed and tested in the sixth chap-
ter. The need for the proposed technique and failings of extant wi-fi fingerprinting based
indoor positioning techniques were highlighted. The proposed technique with its con-
stituent parts of transmitter localisation, input and output normalisation were outlined.
The effect of the transmitter localisation technique, data normalisation, model selection
and feature extraction on floor and positioning accuracy were studied. The feature im-
portances were analysed to ensure the results were improved because the models learnt
the relevant input output relationships. The generalisability of the proposed technique

was tested using eleven publicly available open source wi-fi fingerprinting datasets.
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The conclusions drawn from the work presented along with avenues for future work were

discussed in the seventh chapter.



Chapter 2

Literature Review

2.1 Introduction to visible light positioning

The inability of the global positioning system to provide accurate positioning results for
the indoor positioning problem has led to the adoption of several other techniques such
as wi-fl, magnetic field strength, Bluetooth, visible light positioning and UWB. Among
these the techniques that can leverage existing infrastructure stand out owing to lower
cost of deployment, maintenance and over the top functionality. The wi-fi positioning
technique has seen significant advances but has recently seen several setbacks including
the android ten wi-fi scan throttling decision, which has left extant systems using wi-
fi positioning technique with no viable option. The visible light positioning system is
clearly the frontrunner now as it brings several of wi-fi advantages along with a few
improvements of its own. This technology is in its incipient stage and will only get better
as a common IEEE standard is established and both transmitters and receivers improve

with widespread adoption.

The visible light communication paradigm is similar to radio frequency communication
in the modulation, multiplexing and coding requirements but varies in the part of the
electromagnetic spectrum being used as the carrier wave. The VLC system uses carrier
waves from the 400 to 790 terra hertz frequency as opposed to RF which uses the twenty
thousand to three hundred billion hertz frequency range. The much larger bandwidth
in the case of VLC and the lack of regulation means no interference and no restriction
on the techniques that can be used. This interestingly opens the flood gates to newer

techniques which could not be applied to earlier systems. One such area that has seen

9
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FIGURE 2.1: A generic VLP system.

major improvements owing to the nature of the VLC system is visible light positioning.
VLP much like wi-fi based positioning system serves as an additional feature apart from
the exciting high speed communication possibilities. In this section the VLP based tech-
niques will be reviewed with an emphasis on camera-based systems, image processing

and sensor fusion.

2.1.1 System Model

The basic representation of the problem at hand from the end user point of view is outlined
in Fig. 2.1(a), where the receiver is represented using a smartphone since it could be
retrofitted with photodetector or use an inbuilt camera as the processing input device.
The global coordinate system is delineated by the x, y and z axis with the origin at 0. The
points A through D are the transmitters, which will be light emitting diodes in most cases,
which could be in range of the receiver. In the case of a photodetector array being the
receiver multiple lights could be in range which paves the way for range-based detection
techniques and the process of using multiple transmitters to pinpoint the location of a

receiver is employed.

The problem can be broken down to two constituent parts as shown in Fig. 2.1(b), where
finding the position and orientation of the receiver with respect to the transmitter is re-

ferred to as the fine positioning problem in this thesis and finding the position of the
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transmitter in the global coordinate system is referred to as the coarse positioning or
transmitter localisation problem. The coarse location refers to the building, floor, room
and position where the transmitter is located. These parts are then put together to find the
position and orientation of the receiver in the global coordinate system. The Euclidean
distance between the actual position of the receiver, which is the ground truth, and the
estimated position, which is the output of the VLP system, is the accuracy measure of

the system.

2.1.2 Positioning Workflow

The positioning workflow leverages the simplex communication modality incorporates a
code being sent to the receiver through modulation schemes on the transmitter side. The
location code is modulated into the lighting source through an appropriate modulation
technique. For a technique that works on any device the simplest of such techniques
called on off keying (OOK) could be used. As the name suggests this modulation scheme
employs two levels to denote the two possible bits that could be sent at any point in time
high for one and low for zero bit. This is the first step of positioning which is then followed
by processing the data to recover the location information being sent by the transmitter.
This can be done using image processing or signal processing depending on the receiver
being used for detection. The final step involves estimation of the receiver location and

orientation in the global coordinate system.

The initial step at the transmitter side is where the combination of the signal of interest,
which is the location tag in this case, and the carrier wave in the visible light part of the
electromagnetic spectrum are combined through a process called modulation. The data
is first encoded to a different format both for security and to improve ease of detection.
These also come with error detection and correction codes which could range from some-
thing as simple as a parity or cyclic redundancy check to complicated coding techniques
such as turbo codes. The location tag is thus combined with both the error detection and
correction code along with a header to show where one string ends and the next begins.
The limitation of the receiver in the case of a camera to thousands of hertz necessitates
the multiplexing of data to incorporate as much data as possible in the same channel,

which could be time division or frequency division-based techniques. Once the data is
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encoded modulating the alternating signal into the direct current-based LED is done us-
ing a bias tee. This data is then transmitted over the wireless optical channel (WOC) and

received by the receiver of choice at the user end.

The receiver could either be a photodetector or a camera which are both capable of iden-
tifying the location tag being transmitted by the LED source but achieve their results
through different processes. The photodetector converts the transmitted signal directly
into an electrical current signal which is much more sensitive to the intensity than an
average camera and much faster making it the automatic choice for visible light com-
munication systems. These photodetectors when combined to form an array or when
combined with a camera to form a hybrid positioning system provide a complete system
of features to enable communication and positioning. Once the received signal is demod-
ulated and decoded the location tag can be used to identify the location of the transmitter

in the global coordinate system.

If the receiver used is a camera two types of responses can be expected depending on the
type of camera being employed. The two major types of cameras are charge coupled de-
vice (CCD) sensors or complementary metal oxide semiconductor (CMOS) sensors. The
former is generally unusable in the visible light communication and positioning problem
space owing to its low speed and the general philosophy of operation. The CCD sen-
sor converts light to electrons, same as a CMOS sensor, but is an analog sensor. The
CCD sensors are generally costlier and more power consuming but produce higher qual-
ity lower noise photographs. The advantages of CCD sensors in the case of photography
become issues when dealing with VLP problems. The higher quality is provided by
combining information from the environment at the same time instant, which removes
distortion caused by moving subjects and reduces the frame rate of these cameras owing
to the higher amount of time required for processing all individual pixels at the same
instant. The CMOS sensor is a digital sensor which brings with it advantages of being
the low cost and low power alternative and a specific defect in the case of photograph
which makes it invaluable in the VLP and VLC problem space. The rolling shutter ef-
fect which causes distortion in moving subject improves the refresh rate to much higher
levels. This is caused by the CMOS sensors collecting and scanning individual columns
continuously and combining the image as such. Hence in an image from a CMOS sensor
the elements in the left of an image are captured earlier than the elements in the right part
of the image depending on the scanning direction as shown in Fig. 2.2(a). This form of

continuous capture of sections of the image works for the VLC problem where the light
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FIGURE 2.2: CMOS sensor rolling shutter representation.

remains stationary, but it is turned on and off at a high frequency. The different states a
light goes through are documented clearly in an image from a CMOS sensor with the data
being captured from left to right or from top to bottom moving from the oldest to newest.
Such an image is shown in Fig. 2.2(b), where the white bands are where the transmitter
is sending bit one and the bark bands when bit zero is being sent. The duration for which
the lights are turned on and off are also captured in these images with the width of the
dark and bright bands being a representation of the same. Thus, CMOS sensors provide
the unique advantage of the individual bands being obtained much faster than the overall
image as shown in the Fig. 2.2(a), where the individual first block represents one of the
image columns which is captured at the effective time of capture much lower than the

total time of capture for all columns in the image put together.

These advantages make the CMOS sensor tailor made for the VLC problem space and
the fact that these low-cost sensors are in all camera phones will only make them better
with time. The major limitation here is the effective time for compiling one column of
the image if the compile time is greater than the time period for which one bit is on or
off in the modulation scheme used at the transmitter the system will no longer be capable
of receiving information. So, the frequency of modulation at the transmitter side must
be lower than the line scan rate to ensure proper functioning of camera-based systems.
However, photodetectors have much higher frequency tolerance and are hence preferred
for visible light communication problems with a focus on data rate improvement. Even
in the case of VLP complicated modulation schemes, which tend to provide additional

functionality, benefit from higher frequency of operation and this can be achieved only
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with photodetectors. The location tag obtained from the receiver is then combined with
features from the image, in the case of CMOS sensors, or the signal, in the case of pho-
todetectors, to arrive at the final leg of positioning to ascertain the position and orienta-
tion of the receiver with respect to the transmitter. This information is combined with
the position information of the transmitter in the GCS from the location tag to obtain the

position and orientation of the receiver in the GCS.

2.1.3 Range based techniques

These could be used in the case of time of arrival (TOA) or received signal strength (RSS)
being used as the metrics for identification. The receiver can identify the amount of time
taken by the signal to reach the sensor from the transmitter and can hence be used to
find out the distance from the transmitter since the velocity of the wave and time taken
are known. This can also be mapped to the signal strength which generally decreases
with increase in distance from the transmitter which can be used to estimate receiver

location. The technique however requires at least three transmitters to be in range and

(b)

FIGURE 2.3: Trilateration representation.

is hence called trilateration. The general representation of trilateration in this system
model is shown in Fig. 2.3, with the transmitters being represented by the alphabets A,
B and C. The transmitters could give pinpoint accuracy in two dimensions such that the
information from the three transmitters coincide at one single point on the GCS as shown
in Fig. 2.3(b) or narrow down to an area as shown in Fig. 2.3(a). These techniques have
been explored extensively for both photodetector and camera-based systems[31], [33].
The RSS based problems lead to the solving of a system of simultaneous equations as

follows.
x—x; V+0@-y )V=d; 2.1
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x—x,)V+(-y,)=4d; (2.2)
x=x3 )Y+ —y ) =d? (2.3)

The system of equations represents the x, and y coordinates of the three points, which
are the locations of the transmitters in two dimensions, and the corresponding distance
marked by their subscript. In the case of three-dimensional positioning, the circles would
be replaced by spheres marking coverage and the system of simultaneous equations to
be solved will also incorporate the z coordinate. The RSS based positioning can be done
with photodetector as receivers or with camera-based solutions [23], [34-36]. RSS pro-
vides for a reliable measure which is also easy to access which is why most VLP systems
especially photodetector-based systems tend to default to signal strength. RSS manages
to provide three dimensional accuracy of less than three cm using either carrier alloca-
tion without any auxiliary devices and three light emitting diodes employing frequency
division multiplexing [36] and less than three cm two dimensional accuracy in a larger

area by using trilateration [35].

Time of arrival (TOA) and phase of arrival (POA) are metrics employed for range-based
positioning. TOA calculates the position of the receiver based on the product of the time
taken by the light to reach the receiver from the transmitter and the speed of light which is
known for the conditions[37]. The POA approach uses the phase of the carrier wave at the
transmitter to check the shift in phase at the receiver. This is subsequently used to find the
distance from the transmitter since it is the product of wavelength and the shift in phase.
These geometric techniques require synchronisation between the transmitter and receiver
and high accuracy on the receiver side to ensure proper functioning. These schemes are
generally avoided for the strict synchronisation and accuracy requirement and the lack of

accuracy and positioning improvements to justify the additional requirements.

Time difference of arrival (TDOA) and phase difference of arrival (PDOA) are tech-
niques employed to counteract these requirements. They use differences in phase and
time instead of the value by itself thus reducing some of the computational requirement.
While the TDOA based techniques have managed to achieve sub cm two dimensional lo-
calisation accuracy [38] and sub mm three dimensional accuracy through simulation in
the case of photodetector [39], they still have difficult to meet requirements with respect
to accuracy and resolution for time synchronisation and measurement which has put off

people from achieving such high accuracy metrics in experimental demonstrations. The
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PDOA systems generally face the same issues but when combined with RSS these sys-
tems have managed to achieve practical accuracy using photodetectors in the range of ten
cm [20].

The angle of arrival (AOA) is the major issue as far as visible light positioning is con-
cerned since determines the direction of the transmitter with respect to the receiver, with-
out which however accurate the distance from the transmitter is determined to be the
whole operation could fall apart. To perform this important aspect of the positioning
process both receivers struggle with both needing at least two of each to perform accu-
rate triangulation, since even a small deviation can be exaggerated when extended further
from the transmitter. AOA does away with many requirements such as receiver transmit-
ter synchronisation, high receiver resolution, modelling of power or multi path effects.
While simulation results show high two dimensional positioning accuracy of less than
fifteen cm [40, 41] the experimental AOA triangulation based approaches bring together
either inertial sensor [42] or an accelerometer [43] by itself to achieve sub thirty cm two
dimensional accuracy. While these range-based techniques provide good accuracy they
are tailor made for photodetectors with most metrics being impossible to calculate using

imprecise CMOS sensors.

2.1.4 Range-free techniques

While triangulation and trilateration seem like straightforward solutions to the problem
at hand, they require accurate readings which rules out most inexpensive sensors and in-
creases computational complexity of the problem. The slew of techniques used to solve
this VLP problem range from fingerprinting to vision-based approaches. With these tech-
niques allowing for the use of lower resolution sensors most studies choose fingerprinting
with RSS as the metric of choice to be monitored or modelled [31]. The fingerprinting
process involves creating a database of values observed at different locations and esti-
mating the position of the receiver based on the measured value’s proximity to the value
in the database corresponding to the location in question. Several studies have managed
to achieve sub ten cm 2D positioning accuracy through photodetectors [44, 45] and using
CMOS sensors [46] but this still falls within the specialities of the photodetector owing

to modelling and simulation bestowed by the additional accuracy of such sensors.

The CMOS sensors achieve similar localisation accuracy through the vision-based tech-

niques such as transformation and scene recognition. They can also use probabilistic
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techniques for fusion with other sensor information which is important to bring together
the positioning accuracy and information missing in the CMOS sensors. The triangula-
tion and trilateration problems fail in their scalability since knowing where a receiver is
in a small space with few lights does not bring the issue of differentiating between trans-
mitters to the fore. If there are multiple lights knowing where the signal is coming from
becomes difficult rendering most of the metrics discussed in the range-based techniques

useless.

The fingerprinting problem also becomes much more challenging to solve with multiple
lights, these can all be solved using the positioning workflow detailed earlier also known
as ID matching. This performs the task of differentiating between multiple transmitters
and leverages the advantages of CMOS sensors. With ID matching for CMOS sensors
the light source transmits a signal which is decoded and compared against a database of
known codes and corresponding locations in the GCS to identify the light source and fur-
ther positioning techniques such as image processing-based solutions or machine learn-
ing algorithms which bring together the probabilistic techniques and vision-based tech-
niques can be employed to identify the position and orientation in the GCS accurately.
Most of current studies discussed here fail the transmitter differentiation test thus failing
the important criteria of scalability. This vision-based problem along with deep learning

using CMOS sensors and sensor fusion are studied in detail in the following sections.

2.2 Image Processing Problem

The CMOS sensor brings certain unique advantages to the table most important of which
is widespread commercial adoption in the form of camera phones, in tablets and in most
mobile devices. The inexpensive, low-power nature of these sensors and scope for im-
provement even without the commercial adoption of VLC, given cameras in phones and
mobile devices has been improving year on year solidifies the case for solving the VLP
problem using CMOS sensors. Given that these sensors suffer when measuring accurate
metrics and when using these metrics for fingerprinting, the best alternative is solving
it as an image processing problem. The problem formulation at its core is one of pose

estimation, which requires a deeper understanding of the image capturing process.

The image of the LED source is captured by the CMOS sensor and using the image

the position of the camera is to be obtained. The coordinate system with the center of
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the CMOS sensor at its origin can be called the camera coordinate system (CCS). The
relationship between the image coordinates and the CCS can be obtained based on the
extrinsic and intrinsic parameters of the camera being used. This extends to finding the
real-world coordinates of the transmitter corresponding to the coordinates of the transmit-
ter in the image plane. These transmitters come in a variety of shapes and sizes ranging
from point sources of light to large rectangular panels of area lights. Depending on the
shape of the transmitter the ability of the algorithm to extract features of interest vary,
since a rectangular light will have four points at the corners and edge lines connecting
these corner points can be used as features of interest, similarly in the case of a circu-
lar light the center of the circle and its diameter can be used as the features of interest.
Once mapping between the image plane and the CCS is obtained the problem is further
simplified into one of finding the translation and rotation of the receiver with respect
to the transmitter. The cluster of features indicating the transmitter can be identified as
the object of interest and its translation from the CCS to GCS can be represented by the
equation as follows

P% = RE.PC+1¢ (2.4)

The coordinates of the points representing the transmitter in GCS and CCS are be rep-
resented by P and PC respectively. The rotation translation matrices from the CCS to
GCS are represented by Rg and tg respectively. Thus, we can see the problem reduces
into the identification of the rotation and translation matrices which can be achieved
through transformation techniques. In certain cases, the identification of the rotation
matrix might be impossible without the use of auxiliary sensors such as in the case of a
circular of square transmitter where the projection of such shapes on the image plane will
be uniform on all directions making it impossible to detect tilt and hence pose reliably.
There are several studies where the features mapped to transmitters are obtained from
multiple transmitters [25, 47—49] in an image which makes the resulting solution to the

problem a lot more reliable, in the order of less than ten cm accuracy.

While such techniques utilizing multiple transmitters, at least three such transmitters then
suffer a drop in accuracy when those many lights are not in the field of view of the camera.
In commercial and residential spaces, the focus as far lighting is concerned is to reduce
the cost and the number of lights used for illuminating the area. Hence, the fewest number
of lights required will be spaced out far away from one another. This combined with the
fact that most of these applications will be tested on camera phones of which the front

facing camera is used since the user will also need to see the screen and simultaneously
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point the camera at the lights which are in the same direction as the user’s head ensure
that the field of view of the camera being used is not big enough to cover more than a

couple of lights in the image at any given time.

The technique should therefore use a single light as the basic unit of testing and the
positioning accuracy obtained from the same should be used as the benchmark for com-
parison. The studies discussing such results with single LED are few and far between. A
study [22] proposes the use of VLC assisted perspective four line algorithm to perform
camera-based positioning in a cell with a single rectangular LED where the position and
dimension of the transmitter are known. They produce simulation results where the ac-
curacy never falls below fifteen cm and in experimental testing are able to show three cm

accuracy and four-degree orientation accuracy.

This however assumes that all four corners and edges of the transmitter will be visible,
and the camera being used will always have the intrinsic and extrinsic parameters from
a calibration. Another study[30] with circular lights deals with this problem by combin-
ing circle projection with a singular value decomposition based algorithm to solve the
positioning problem. In order to find the orientation of the receiver with respect to the
transmitter the azimuth or the deviation of the receiver from the magnetic north is esti-
mated by using a marker on the light at a predefined position. While these are interesting
solutions to the problem, they all have the common problem of having to know the shape
and size of the LEDs.

When the shape and size of the LED changes the techniques fail because the complex
geometric projection equations work only for the defined shape and size. This coupled
with the fact that most spaces have a combination of different shapes and sizes of lights
even in the same room ensures that these techniques breakdown quickly in real-world sit-
uations. The solution should be capable of working for multiple light shapes and multiple
sensors since the different cameras will have different parameters which might not fit the
requirements of the predefine system or should be easy to retrofit to the problem space.
The machine learning-based solutions are capable of satisfying these requirements with

sufficient data and computation capability, these possibilities will be explored further.
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2.3 Deep learning solutions

Over the past decade machine vision has witnessed groundbreaking improvements with
the advent of deep learning. Though machine learning-based solutions could be used to
represent any of the techniques ranging from basic clustering techniques to convolutional
neural networks (CNNs) the problem space requires the more complicated deep learning
techniques to solve. While the specific problem of camera-based VLP for indoor po-
sitioning has yet to be broached the broader problem of identifying camera pose from
monocular images using deep learning has been studied extensively [50]. This type of

problem is referred to as a pose estimation problem or a camera relocalization problem.

The nature of the problem necessitates a deep learning-based solution, which can be bro-
ken down into two major types, one where the features of interest are identified and ex-
tracted manually and the other where the model is allowed to extract the features through
end-to-end convolutional structures [51]. The structure of the proposed network performs
classification to pinpoint the location in a discretized initial step with the subsequent re-
gression problem becoming much easier to solve. We have seen that end-to-end con-
volutional networks are capable of learning features and generalizing the same to other
classification tasks [52—-55] which is an important facet of the problem space where a
new requirement for shape of the light or specification of the receiver or quality of the
lighting could require adjustment to the trained model and a classification step guarantees

useability with a small dataset generated to account for the specific changes of interest.

The idea of transfer learning becomes important owing to the complicated problem space,
a regression problem from images using CNN is extremely complicated due the wide
range of values each output can take and the seemingly infinite variations ranging from
the environmental lighting to light shape that need to be accounted for in this problem
space. With the addition of a classification step much needed generalization is guaranteed
which can then be retrained based on the newer variations of interest. Though similar re-
gression problems of two dimensional joint position estimation have achieved excellent
positioning accuracy [56], they do not have the same wide range of movement possi-
ble in the VLP problem space with most of the joint positions constrained to the small
movements on the image plane. The Pose Net architecture [51] is a modified Googl.eNet
network [57] where the final prediction layer has been replaced with four fully connected
layers to perform the regression task at hand. The general structure of these type of net-

works is shown in Fig. 2.4, where encoder learns features from the image and compresses
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FIGURE 2.4: General pose estimation network structure.

them into a dense array of important features which is then followed by a fully connected
layer called the localizer which maps the features to a feature vector. This is followed by
the regressor which is a set of two separate dense layers which give the output pose in
a quaternion form comprising of both the position and rotation. Though the pretrained
network was used the proposed system fails in replicating the success of [57] to unseen
data. This failure in generalization to newer defeats the purpose of using transfer learn-
ing and the high computational cost of the deep network with a hundred and forty-four

layers.

The network also produces results far behind the state of the art in manual feature extrac-
tion based techniques [58, 59] thus fomenting interest in the network design for the cam-
era relocalisation problem. Some newer networks have attempted modifications on the
original structure with varying degrees of success. A network structure named LSTM-
Pose[60] which modified the localizer to include four long short term memory networks
(LSTM) which improved performance over the existing network. While better results
were achieved with the network structure named VLocNet[61] which surpassed origi-
nal structure based accuracy for indoor scenes by incorporating the ResNet50[62] archi-
tecture for the encoder and incorporating two images at subsequent time instances into
the input thus leading the encoder to learn features from both these images in separate
branches. While this advanced positioning algorithm has seen quite a bit of interest in
recent years it still has a wide variety of input variations that the problem needs to solve
for and the specific problem space of indoor positioning using lights would simplify it to
a smaller subspace that has yet to see significant improvements owing to the niche nature

of the problem.

The results here are obtained by training on publicly availably hand labelled image datasets
such as ImageNet[63] which contains fourteen million images and Places [64] which
contains seven million labelled images. These datasets have become benchmark for test-
ing results of network structures, while there are indoor datasets the lack of a dataset to
suit our particular problem space is preventing optimization and even recognition of the
problem among those working on the pose estimation problem. The impact the ImageNet

dataset has had on the development of object classification network cannot be ignored.
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Thus, the creation of a dataset is integral for widespread recognition and common bench-

marking of results among existing solutions.

There are two ways to create large datasets of images for classification and regression,
where one involves collecting the images and labelling them manually the other involves
simulation. There is precedence for simulation having produced datasets or dataset aug-
mentation techniques. In the case of lidar point cloud generation for semantic segmenta-
tion in the autonomous driving application a combination of game mechanics from grand
theft auto video game and ray casting produced a viable dataset [65] in combination with
the kitti dataset[66]. There is a model based object detection dataset called the shape net
data set [67] which contains models of common items like chairs with several variations
introduced which was used to generate images and train a network to detect real-world
objects like chairs without ever having shown the network actual images of the object in

question.

The ability to simulate data also aids in improving the performance of deep learning
networks by pretraining on simulated data as in the case of photodetector based indoor
positioning scheme [20], where a combination of RSS and PDOA are modelled and the
network is pretrained on this data which helps the network learn which a much smaller
dataset of real-world data. Hence, the importance of a dataset that covers all possible
variations of interest is apparent in the pose estimation problem space. The objective is
to simplify real world data collection through videos and using structure from motion
to label large number of images automatically [51]. Though this will create a dataset of
several thousand images very quickly it still cannot cover all possible variations since
a variation in light shape would require actual equipment cost and labor of installing
the new light which quickly becomes infeasible for a wide representation of all possible

problem cases which can be achieved through simulation.

2.4 Sensor Fusion

The indoor visible light positioning problem with a focus on CMOS sensor-based im-
plementation faces several pitfalls with regards to the feasibility both for single cell im-
plementation of orientation detection from a single camera and large-scale testing for
multiple lights since the establishment of a baseline for testing would be expensive and

introduce a significant barrier to entry for researchers exploring the problem. The need
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for fusion with other data modalities is apparent when looking at common pitfalls of
vision-based positioning techniques. The VLP studies with single LED have to either
use other sensors on board for tracking orientation [22] or come up with novel techniques

incorporating external markers for orientation tracking [30] .

Hence fusion of inertial and image sensors is a popular combination to offset the lack of
directionality and depth information from a single CMOS sensor [31, 47]. Further, the
CMOS sensor based VLP suffers from the same problem of differentiating between mul-
tiple transmitters. While ID matching involving a coded light module and establishment
of a location ID based database for matching a transmitter’s code to its location could be
possible having all lights be modified purely for the sake of positioning is on the same
scale as new infrastructure-based positioning schemes involving UWB or Bluetooth tech-
niques. Hence, until widespread adoption of VLC by consumer device manufacturers the
feasibility of VLP system has to be in improving and working in tandem with other extant

positioning techniques such as wi-fi or pedestrian dead reckoning based systems.

The implementation of sensor fusion for camera-based VLP is thus observed in two stages
for intra-cell orientation and depth tracking with another camera, or inertial sensors and
inter-cell position identification through fusion with ID matching, photodetectors for
VLC, magnetic field strength or wi-fi. Of these choices for inter-cell positioning wi-fi
is the preferred option owing to the advantage of being the only other technique capable
of highly accurate level and room identification in buildings [68]. Several wi-fi based
studies incorporate other data from a wide variety of sensors including magnetometers
[69—71] and pedestrian dead reckoning [72]. While there are techniques that employ such
sensor fusion effectively the use of deep learning has also seen a steady increase in the

wi-fi indoor positioning problem space over the past decade[29].

One of the major problems with indoor positioning techniques in general is the wide
variety of input structures and metrics along with the lack of a consensus on the best
metric for tracking the performance of a technique. In the case of wi-fi data one of the
popular input metrics is received signal strength (RSS), which is by far the most pop-
ular choice especially for fingerprinting [29], where the structure in which the data is
organized varies greatly depending on the number of access points (APs) being surveyed
which in turn is dependent on the overall area being surveyed. The APs could be or-
ganized as an image simply for leveraging image based techniques such as deep CNNs
[68] or based on previous steps taken to track orientation with the wi-fi data alone [73].

While there are other techniques such as channel state information (CSI) or round-trip
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time (RTT) they have not been studied as extensively as RSS based techniques owing to

the inherent complexity in data extraction for other techniques.

With the addition of standard datasets [74, 75] though this situation has improved greatly
in the indoor positioning space due to clear splits in training and testing data ensuring
proper benchmarking and straightforward comparison. The creation of datasets however
brings with it the problem of data collection which is solved by employing crowdsourcing
[71, 75]. The dataset thus created encouraged the use of several complex deep learning
architectures. However, the best accuracy was achieved by simple models such as multi-
layer perceptron (MLP) or auto encoders (AE) to achieve sub meter positioning accuracy
with wi-fi RSS data alone [76, 77]. These results indicate that wi-fi based positioning is
here to stay and combining the CMOS sensor-based positioning system with extant wi-fi
networks through deep learning by leveraging existing standard datasets is a problem of

interest.
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Computer vision based fine indoor

positioning technique

3.1 Introduction

The VLP techniques use either photo detectors (PDs) or cameras as receivers. While
photo detectors are capable of high data rate visible light communication (VLC) when
compared to cameras, they are worse than cameras at localisation. The cheap CMOS
sensors available on smartphones are an obvious choice for techniques that seek prac-
tical implementation of VLP in extant spaces. The location of the transmitter must be
identified after which the location of the receiver with respect to the transmitter can be
identified. The transmitter identification problem in this case is an indoor positioning
problem using smartphones, which has been explored for several decades. Radio fin-
gerprinting techniques have been shown to provide accurate floor and building detection
across several datasets[78, 79], and magnetic field strength has been shown to achieve sub
meter accuracy[27, 80] which is close enough to identify the transmitter location owing
to the sparse distribution of indoor lights. VLC has also been employed with cameras for
light identification[22, 30, 81] by encoding unique codes in lights acting as beacons. Ow-
ing to the many well established options for transmitter identification, this chapter will
explore the relative pose and position identification assuming the transmitter location is

known.

The camera-based single LED positioning problem has been explored extensively. In

the case of circular panel lights, circle projection was used to estimate position and a

25



26 3.2. Methodology

red marker on the light was used to identify orientation in [30] while geometric features
from consecutive frames were used to improve positioning accuracy in [81] and plane
intersection with line scheme was used to facilitate positioning in [82] . Ellipse fitting was
used for positioning and projective geometry was using to calibrate an IMU in [83]. In the
case of rectangular panel lights, corners are widely used for positioning. Corners were
used with the perspective n point (PnP) approach in [84], with random forest regression
in [85], with the perspective n line (PnL) approach in [22]. Since at least three known
point correspondences are needed in these approaches, they have yet to be applied for

partially visible lights in images.

The proposed technique seeks to address this gap by using two known points to estimate
two more points on parallel sides of the rectangular panel light. These estimated points
allow the use of the PnL. approach. While the fusion of inertial sensor information for
the identification of azimuthal angle is well explored with deep learning[86] and graph
optimisation[87], it produces erroneous results due to uncalibrated IMU on smartphones.
The proposed technique seeks to identify the general direction in which the phone is

pointing when the image is taken reducing the accuracy requirement of the IMU.

The main contributions of this work are listed as follows

e A novel single LED VLP technique that outperforms the current state of the art

technique.

e The first VLP technique to detect pose and position when only two corners of a

four corner LED are visible.

3.2 Methodology

3.2.1 Problem Description

The layout of a camera-based single LED VLP problem is shown in Fig. 3.1(a), where a
square LED panel with its corners marked P1 to P4 is in the ceiling of a room. The axes
of the world coordinate system (WCS) are marked with subscript W and the axes of the
phone coordinate system (PCS) are marked with subscript p. The axes marked N, E and
U point towards the magnetic north, geographical east and up directions respectively.

The magnetometer on the phone will provide the orientation of N with respect to the
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PCS Y, axis. The height of the camera from the transmitter is marked #,. An image of
an LED panel from the camera on the phone is shown in Fig. 3.1(b), where the pixel

coordinate system (PiCS) with its origin in the top left of the image.

Y

FIGURE 3.1: Coordinate system layout.

The image coordinate system (ICS) shown in Fig. 3.1(c), moves the origin O, to the
centre of the image and converts the units from pixels to meters. The centre of the image
is subtracted from the coordinate of a point in PiCS and multiplied by the size of a pixel
in meters to get corresponding ICS coordinates. The camera coordinate system (CCS)
places the image plane in 3D space at focal length f from the CMOS sensor as shown in
Fig. 3.1(d). The rotation and translation of CCS with respect to the WCS provides the
pose and position of the receiver with respect to the transmitter. There are two parts to
the positioning problem, identifying the location of the light and estimating the relative
position of the receiver. This chapter will focus on the second part while the light location

and its orientation with respect to the magnetic north are assumed to be known accurately.

3.2.2 [Experimental Setup

Images were captured on a Redmi Note 9 Pro smartphone placed on a tripod as shown

in Fig. 3.2(a), with the position being tracked using a 1.2m X 1.2m grid of tape on the
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ground, where each cell was 40 cm apart, and the pose being tracked using an inclinome-
ter, for pitch and roll, and a compass for azimuth. Five images were captured at each
location on the grid with the phone facing the door and away from it, along with IMU
readings using sensors on board the smartphone. One set of images was captured with
different poses always ensuring all four corners of the light were within the FoV of the
camera and another set was captured such that only two of the LED corners were in the
FoV.

FIGURE 3.2: (a) Experimental Setup (b) all detected corners (c) strongest 4 labelled
corners (d) incorrect occluded light corners (e) corrected labelled corners.

The images were also captured at four different heights from the transmitter ranging from
120cm to 156cm in 12cm increments. Thus 640 images comprising of 5 images with
different poses at 16 grid locations facing two different general directions at four heights
was captured for the complete light dataset. The general direction was found to have
minimal impact on the positioning accuracy, so the partial light dataset was captured in
only one direction with 120 images comprising of 5 images with different poses at only
the outer 12 grid locations at 120cm and 156cm from the light. These images, the ground
truth pose and position along with the known light location and orientation were used for

localization.
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3.2.3 Corner Detection and Ordering

Structure based VLP techniques leverage known points in WCS and CCS. Since the im-
ages were captured at 68 microsecond exposure time with 100 ISO only the light was
visible with a black background. This was done to facilitate VLC where the exposure
time determines the maximum data rate and to ensure feature detection from the image
is easier. We detected the corners using the Shi-Tomasi algorithm[88] which uses the
minimum Eigen value as a scoring function. The detected corners are shown in green
in the Fig. 3.2(b) where multiple points are flagged apart from the actual corners of the
panel light. The four strongest points, with the highest scoring function among the de-
tected corners are shown in Fig. 3.2(c). Since a square LED panel is used, there were
four possible orders for the points depending on the orientation of the phone. The points
were sorted based on the orientation from the IMU which was then compared with the
known orientation of the light to detect the general direction in which the phone was
pointing with respect to the light. The strongest four corners were not always the four
corner points in the partial light dataset as shown in Fig. 3.1(d). In this case, we used the
two strongest corners as the known corners. Depending on the axis along which the dif-
ference between the known corner points was highest, all detected corners along the axis
of minor deviation between known corners were filtered and the furthest among these
points from the known corners were chosen as the estimated corners labelled P3’ and
P4’ in Fig. 3.1(e).

3.2.4 Positioning Technique

Once the corners are detected in the PiCS, the CCS coordinates of the same can be ob-
tained from the pixel size and focal length. The corner points in the WCS are calculated
from the known size of the light. To obtain the relationship between WCS and CCS,
coordinates of the same points in both the systems are needed. The coordinates of the
light corners in CCS are known to be a scalar multiple of the image corner coordinates
in CCS[89] as shown below

PC =2, xpf, i=1,2,3,4 (3.1)

1

where 4, is the scalar multiple for each corner point. To solve for these four unknowns

the known sides of the light were used in [89], which works only when the entire light is
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visible. When the light is partially visible, the Euclidean distance between known points

of the panel light will provide one equation as follows
c C|l =
”P, - PJ ” - di,j (3-2)

where P¢ and ch are the two visible corner points in the CCS and d,  is the distance
between corner points which will be the same here since the light is square. We also
know that the sides are perpendicular, so even if the exact corner points are not known
estimated corner points in the same direction as the actual corner are obtained as shown

in Fig. 3.2(e). The dot product of these sides will then be zero, as follows
(P = PE)-(P€ = P$) =0 (3.3)

(PI.C—PJ.C)-(PJ.C—Png) =0 (3.4)

where PG and PS are the estimated corner points. We know that all four points are

coplanar, which can be defined as follows
((P€ = POYx (PC = PO)} - (PC = P$) =0 (3.5)

Now we have four equations in four unknowns which can be solved to find the scalar
constants 4, for the four points using which the corner points in the CCS can be obtained.
The relationship between CCS and WCS is shown below

PY =RY -pf +0], i=1,2.34 (3.6)

1

where Rg’ is the rotation matrix which provides the pose and 02’ is the translation vector
which provides the position. We performed positioning by solving this equation using

Levenberg-Marquardt optimisation technique.

3.3 Results and discussion

Some of the best camera-based single panel VLP systems are shown in table 3.2, where
LED refers to the panel light shape and the full and part columns refer to fully and par-
tially visible lights. Among the square panel techniques [85] estimated only the position

and not the pose. Since [22] performed the best it was chosen as the state of the art
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(SOTA) technique for comparison with the proposed technique. The proposed technique
was the only technique capable of positioning with two corners and also the most accurate

VLP technique for fully visible lights.

3.3.1 Orientation Identification

TABLE 3.1: Azimuthal error results

Height(cm) | 120 132 144 156
Angle error(degrees) \ 10.85 15.63 18.86 18.74

The orientation data from the IMU on the phone is recorded along with all the images.
Since the light is a square, identification of the side on the top of the image is essential for
correct labelling of corner points. As there are four equal sides, if the error of azimuth
detection is less than 45° the general direction in which the phone Y, axis is pointing
can be identified accurately. The error between the magnetic north from the IMU and
the known magnetic north direction in degrees is shown in table 3.1, where the aver-
age absolute error for all the images at different heights from the transmitter are shown.
The average error is less than half of the forty five degree threshold ensuring accurate

orientation detection and hence accurate corner labelling.

TABLE 3.2: Comparison of camera-based single LED VLP systems

Ref. Method LED 3D error (cm) Area (m’) Height (m)
Full Part

[81] circle features o 7 - 1.8X1.8 1-14

[30] circle projection o 15.15 - 3X3 1.5-2

[83] ellipse fitting o 11.2 - 1.8X1.8 1-2

[82] plane intersect o 5.46 - 2.7X1.8 1.45-1.75

[85] random forest m 4 - 1.2X1.2 1.23-1.66

[84] corner PnP [ 4.6 - 1X1 1-2

[22] corner PnL [ 2.73 - 0.5X0.5 1.48

This work est. corner PnL. = 0.9 2.27 1.2X1.2 1.2-1.56
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3.3.2 Full LED Detection

The proposed positioning technique was applied to the full light dataset and the results
were compared with the SOTA V-P4L algorithm[22]. The SOTA proposes operating
the four corner LEDs of a rectangular panel light individually to beam a unique code
from each of them facilitating accurate corner detection and labelling. Since this is not
possible on commercial off the shelf (COTS) panel lights, they have used four different
LED lights to mark the corners of a rectangular panel light. We have employed the V-
P4L algorithm with the corners detected and labelled using our proposed technique. The
mean 3D positioning error is the mean Euclidean distance between the actual location
and the predicted location. The cumulative distribution function (CDF) of the results
from the proposed technique and the SOTA are marked as such in Fig. 3.3, where the
title of each individual plot is the distance between the transmitter and the receiver. The
proposed technique performs better than the SOTA at all four heights and the maximum

error reduces as the distance between the transmitter and receiver decreases.
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FIGURE 3.3: CDF of 3D mean positioning errors at different heights from transmitter.

The pose error is the mean absolute difference between the estimated angle and the
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ground truth along the three axes. The angle error about all three axes for both the pro-
posed technique and the SOTA is shown in Fig. 3.4, where they are plotted as a function
of the distance between the transmitter and receiver. The SOTA performs marginally
better or the same as the proposed technique for the x and y axes but the z axis, which
is the azimuth, sees a drastic drop is accuracy from the SOTA compared to the proposed
technique. There was no clear correlation between the angle errors and the height from

the transmitter for either the SOTA or the proposed technique.
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FIGURE 3.4: Angle errors of the proposed and SOTA techniques at different heights
from transmitter.

3.3.3 Partially Visible LED Detection

The results of the proposed technique on the partial light dataset are shown in Fig. 3.5,
where the mean 3D positioning error at each grid location is reported for the two different
heights from the transmitter. The error increases with the distance between transmitter
and receiver. The error at 156cm is either equal or higher than 120cm at all the twelve
grid locations. Though the SOTA estimates pose and position when three corners are
visible, there are no other techniques to the best of our knowledge which have performed
visible light positioning when two corners are visible. Hence the results are compared
with the full light dataset positioning results in the table 3.3,where the # of corners refers

to the number of corners of the light visible in the image. While sub 6cm accuracy was
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FIGURE 3.5: Positioning errors of the proposed technique on partially visible lights.

TABLE 3.3: Positioning error results

# of corners Height(cm) 3D error (cm)  Angle error (degrees)
X-axis Y-axis Z-axis

4 120 0.74 0.34 0.04 1.37
2 120 1.41 2.54 3.05 4.51
4 156 1.31 0.72 0.43 1.79
2 156 3.13 2.28 4.34 2.63

achieved for the partial light dataset, the positioning error was twice as high for both the
heights with the same overall pattern of increasing error with increase in height being
observed. The angle error is also twice as high with no such overall pattern with the
height from the transmitter. The full light dataset observed high errors only for the z axis
angle while the partial light dataset performs similarly for all three axes with the errors

remaining less than five degrees for the individual axes.

3.4 Conclusion

A camera based VLP technique for pose and position detection from a single partially
visible LED was proposed. The light location and orientation were assumed to be known

and the relative position of the receiver with respect to the transmitter was obtained using
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a structure-based technique. The proposed technique was shown to perform better than
the current SOTA solution on both the pose and positioning accuracy. The mean 3D er-
ror was shown to be less than 1cm when averaged across four different heights for fully
visible lights. The proposed technique was shown to achieve sub six cm accuracy when
only two corners of the LED were visible at two different heights from the transmitter.
This can be used to address outages in indoor positioning increasing the robustness of in-
door navigation solution. Though the proposed technique is better than the current state
of the art technique, there still exists scope for further improvement. The heuristic sensor
fusion strategy proposed in this chapter was chosen to ensure robust implementation on
smartphone hardware. Deep learning models capable of handling more complex situa-
tions can be developed in the future. Environmental variation such as dynamic lighting
conditions in the same building at different times and their effect on positioning can be
studied in detail to improve robustness. A more general solution encompassing different
light shapes, intensities and trajectories of motion along with the extent to which partially
visible lights can be used for VLP can be further explored with the proposed simulation

techniques.






Chapter 4

Machine learning based fine indoor

positioning technique

4.1 Introduction

Visible light positioning(VLP) has gained prominence as a highly accurate indoor po-
sitioning technique. Few techniques consider the practical limitations of implementing
VLP systems for indoor positioning. These limitations range from having a single LED in
the field of view(FoV) of the image sensor to not having enough images for training deep
learning techniques. Practical implementation of indoor positioning techniques needs to
leverage the ubiquity of smartphones, which is the case with VLP using complementary
metal oxide semiconductor(CMOS) sensors. Images for VLP can be gathered only after
the lights in question have been installed making it a cumbersome process. These lim-
itations are addressed in the proposed technique, which uses simulated data of a single
LED to train machine learning models and test them on actual images captured from a

similar experimental setup.

The indoor positioning systems (IPS) have been researched extensively both commer-
cially and in academia owing to the wide array of applications it caters to. While there
are several extant positioning techniques, VLP has a unique set of advantages, which
makes it viable for further study. The indoor positioning problem consists of two steps,
identifying the location of the LED and estimating the receiver location with respect to
the LED. Radio fingerprinting[80] and optical camera communication(OCC)[90] have

been used to solve the first part.

37
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Several techniques have been used to estimate receiver location using VLP, of which
most still use geometric processing and computer vision for localization. A single LED
positioning system for circular LEDs was proposed in [30] and a similar computer vi-
sion technique was proposed in [22] for rectangular LEDs but both techniques fail when
the shape of the LEDs change. While machine learning has been used for receiver tilt
correction[91] and regression neural networks have been used for positioning[92] both
techniques fail to provide for data augmentation and require cumbersome geometric pro-
cessing for feature extraction. The use of simulation for data augmentation has been
explored in [93], but they fail to take the transmitter details such as luminous intensity
and receiver details such as exposure into consideration and end up with a 2D shape pro-
jection. This work proposes a single LED VLP technique using simple feature extraction
to employ tree-based machine learning techniques. The dearth of data for training and
cumbersome data collection was addressed through simulation, which can also be used
for other deep learning models. The proposed technique was shown to outperform stan-

dard computer vision and neural network based models.

4.2 Methodology

4.2.1 Proposed Structure

The proposed structure outlined in Fig. 4.1, shows the two major parts of the technique,
offline and online process. The first step of the offline process in the proposed structure is
the image simulation using Blender[94], where from features are extracted. The simula-
tion technique allows for the programmatic generation of thousands of accurate labelled
images which would be time consuming to collect manually. This ensures the models
for a specific building can be trained as the lighting fixtures and their locations are being
planned before construction begins, which in turn can be used to optimise the lighting
locations and fixtures improving positioning performance. To allow for the deployment
of this proposed technique on limited hardware such as smartphones, feature extraction
is used to convert the image into a list of ordered corner points, which become the input
features on which the machine learning model was trained. This simple step removes
the need for deep learning models which perform advanced feature extraction from un-
structured data such as images. The tree-based machine learning models are then trained

using the list of points as input and the 3D location as the output. In the online process,
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the images of the light captured by a smartphone camera are processed to extract corners
after which the trained machine learning model is then used to test performance. This

produces the location of the light in the receiver coordinate system(RCS). This however
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FIGURE 4.1: Overall flow of proposed structure.

is only a part of the online process, since the location of the light is needed to identify the
receiver location in the world coordinate system(WCS). This is achieved using the high
switching rate of LEDs. A unique ID is assigned to an LED and the ID is encoded using
differential manchester encoding and beamed to the receiver using on off keying(OOK)
and due to the rolling shutter effect of CMOS sensors, a temporal record of the differ-
ent states of the transmitter are captured in a single image. This is then decoded using
the technique proposed in [90]. The focus of this work is on 3D location estimation of
the receiver with respect to the transmitter since the demodulation technique produces

hundred percent detection over the range tested.
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4.2.2 Experimental setup

The experimental setup for data collection to train and test the proposed technique is
shown in Fig. 4.2(a), where a grid is made on the ground using tape covering 2m by 2m
with each line in the grid, both horizontal and vertical being spaced 20 cm apart. This
grid will act as a reference for accurate data collection using smartphones since it is done
by placing the camera on the tripod with the screen facing the light. The light is 256 cm
from the ground and by controlling the height of the tripod the distance from the light is
controlled. The images were collected for a 1.2 m by 1.2 m grid at four different heights,
1.23 m, 1.3 m, 1.6 m and 1.66 m away from the transmitter. Here again ten images were
collected at each of the 49 locations for both heights with the device orientation and tilt
being changed randomly for all images to provide a wide dataset for testing generalization

of trained networks.

FIGURE 4.2: (a) Experimental setup (b) transmitter components

The components used to transmit the ID using the LED are shown in Fig. 4.2(b), where
the STC12C5A60S2 board was used as the micro controller unit(MCU) which encodes
the ID and sends the signal to the n-channel MOSFET, which turns on or off the supply
from the DC driver to the LED based on the input signal. A buck converter was used

to step down the LED supply to power the MCU. Since manual control of the exposure
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settings was required an Android application was developed to capture images as shown
in Fig. 4.3(a), where the gray scale image of the LED transmitting an ID is seen in the
viewfinder. Owing to the high shutter speed, we can see the clear separation of the light
and the background. The features of interest are the corners of the light, which can be
extracted using the Shi-Thomasi corner extraction technique[88]. In the case of images
with the transmitted ID as in Fig. 4.3(a), the image was dilated to combine the bars
which can then produce corners. The parameters of interest in this case are shutter speed
which determines the maximum frequency a device can decode, where it is important
to note that the shutter speed must be higher than the frequency of operation since the
lights are usually at the ceiling at least a couple of meters from the user and the image
captured from such distances will have the light cover a small portion of the image. The
other parameter of interest is the ISO, which is a measure of the sensitivity of the CMOS
sensor to light hitting it. If this number is high, it will pick up low intensity lights which
could lead to multipath effects from reflections due to windows or even on walls if this
parameter is high enough making it difficult to identify the light bounding box in the
image. These values can be modified to suit the problem space using the smartphone
application developed as shown in Fig. 4.3(b). In this study using the Redmi Note 9
Pro front camera the exposure time and ISO take the values of 68 microseconds and 100
respectively throughout for all images unless mentioned otherwise. The plus and minus
buttons next to the parameter on the camera settings overlay to be changed can be pressed

to change them and the current value is displayed between the buttons.
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FIGURE 4.3: Receiver Android application
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The next step is capturing the images which can be done by clicking the capture button
on the bottom of the screen. A sample of an image in the view finder of the application
is shown in Fig. 4.3(a), with the parameters set at the aforementioned exposure time and
ISO values which yields a clear image of the strides of an eight-bit long code at ten kilo
hertz frequency. The captured image can be named by entering the location coordinates
on both sides of the capture button since this also serves the purpose of image collection
for training and testing data in the case of intra-cell positioning using a single transmitter.
The captured image is then to be processed to decode the location ID being transmitted
by the LED, which can then be matched to a database of known location IDs to identify
the transmitter location. For each of the grid locations ten images were captured at each
height of which two were selected as test data and the remaining eight were used as

training data.

4.2.3 Image simulation

Data augmentation techniques are generally employed in standard deep learning-based
classification problems. These range from scaling, rotating to inverting images which
in this case would make the image unusable. However, this is one of the challenging
applications for data generation since it will be a three-dimensional regression problem
eventually when defined as a camera relocalisation problem with a six degree of free-
dom quaternion as its output. Since collection and labelling of images accurately is time
consuming and a seemingly endless amount of data can be collected depending on the
accuracy of detection expected simulation using Blender was used to augment data col-
lection.The simulation screen from Blender is shown in Fig. 4.4, where an area light was
modelled to replicate the specifications of the LED used for testing. A 59.5 cm square
LED panel from Lite Unite, DWUGR606036 was used for testing producing 3600 lu-
men with a color temperature of 4000K. The area light was modelled as a plane with an
emission shader as shown in the bottom panel, where the color temperature was repli-
cated using a blackbody node with the temperature set to the appropriate value and the
polar curve of luminous intensity was used to produce an illuminating engineering soci-
ety(IES) file to model the throw pattern. The IES node was used to set the appropriate

signal strength of the emission shader.

The image simulated from this technique is shown in the left panel in Fig. 4.4, where the

black background is obtained by setting a low exposure value. Since the shutter speed for
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FIGURE 4.4: Blender simulation screen

VLC and reading the ID from the coded light module must be very high only the brightest
parts of the image, which in this case is the light, are seen with all background features
being lost. This also ensures that feature extraction from the image becomes much eas-
ier owing to the simpler image and also enables reuse of the image for all lights with the
same shape since the background features are ignored. However, the pattern formed from
images transmitting the ID is not simulated since the corners of the lights are the only
features being used for training the machine learning model. The camera used for render-
ing images in Blender was placed at different positions and at different orientations in the
space below the light controlled by location and rotation values. The images were gen-
erated with a 3:4 aspect ratio, which is the most common choice for smartphone sensors,
at the same resolution, 1728 X 2304, as the test image to ensure compatibility between
simulated and test data. The data was simulated at the same grid locations at two of the
same heights 1.3 m and 1.66 m from the light with two more heights different from the
experimental data capture at 1.76 m and 1.56 m from the transmitter, which will be used
to test the generalizability of the trained model. The receiver orientation was swept in
complete circles on roll, pitch and yaw values in increments of 45 degrees with only the
images where all four corners of the light were in the FoV of the camera were retained,
which produced 7982 images for all four heights. Since these images were simulated, the
corners were also labelled using ray casting to be the appropriate points corresponding
to the LED corners which can be cumbersome in the actual data gathering process. The

LED panel used here is a square and without any background features the images will
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look similar along any of the four sides leading to erroneous results without additional
information. The simulation process simplifies this allowing the 3D position to be es-
timated without pose or orientation information. While the technique proposed in this
chapter only uses the corners of the light as input features for the machine learning model
and those can be projected from equations as discussed in [30], the simulation technique
allows for future expansion when advanced features are needed in the case of different
lighting fixture shapes or multiple lights in the field of view of the camera. The ability
to simulate images from a 3D model allows for generation of images particular to a spe-
cific building even before construction begins. With the Singapore government making
building information models (BIM) mandatory for new projects[95], detailed building
models with specific information about the materials in all parts ranging from windows
to walls, the accurate IES files of lighting fixtures can allow for programmatic generation
of labelled images for training models from scratch or for fine-tuning pre-trained models
with the easy to use Blender add-on. Blender being an open source free to use software

provides additional justification for the proposed technique.

4.3 Results and Discussion

4.3.1 Model selection

The corners were extracted from both the simulated and real datasets and ordered with
the list of points ordered in the same sequence manually in the case of real images with
simulated images being generated with the corners labelled. The real dataset will be used
as the test set in this section. Here, the images at 1.3 m and 1.66 m from the transmitter
were split into train and test sets with 2 images at each grid location for the latter and
the rest for the former. The test set has 196 images and train set has 784 images in the
real image dataset. All the simulated images were used for training, which was 1163 at
1.3 m and 2516 at 1.66 m, totals to 3679 images. The simulated dataset is 4.6 times the
real dataset owing to the ease of collecting and labelling data. Three models were trained
on the real dataset and tested at 1.66 m from the transmitter. Two tree-based ensemble
techniques, random forest[96] and extreme gradient boosting(xgboost)[97] were tested

along with a multi layer perceptron[98].
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FIGURE 4.5: CDF of 3D positioning error for different models

The 3D positioning error is the Euclidean distance between the estimated location and the
actual ground truth. The cumulative distribution function(CDF) of the 3D positioning er-
rors is shown in Fig. 4.5, where the tree-based techniques outperform the neural network.
The models were implemented using the scikit-learn package[99], with default values for
all parameters apart from number of estimators for the tree-based techniques, which was
changed to 150 and for the neural network five hidden layers with 200 nodes in each were
used. The 3D positioning error using the neural network for 90% of points is shown to
be less than 40 cms while random forest, which is the worse of the tree-based techniques,
has all points less than 10 cms. The marked improvement is expected since the images
are converted to a list of points making it a structured dataset. The tree-based techniques

are shown to outperform neural networks across multiple structured datasets[100].

Among these tree-based techniques, the mean 3D positioning error at each grid location
is shown in Fig. 4.6, where the xgboost model is marked with asterisk and the random
forest model is marked with cross. The results of the random forest model shows that
most of the error comes from outermost points in the grid and some from points closer to

the center, with multiple points producing more than 5 cm of error. In the xgboost model
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FIGURE 4.6: 3D positioning error for tree-based models

all the errors are in the outermost points with only one point producing more than 5 cm
error. This explains the better overall performance in the case of the xgboost model over
the random forest model. The 3D error CDF also shows that though both models have
similar maximum errors, the error for xgboost is lower across all the points in the test

dataset. Thus, the xgboost model was chosen for subsequent testing.

4.3.2 Effect of simulated data

The simulated dataset was used to train a xgboost model, which was tested on the real
dataset. The results of the same are to be compared with a xgboost model trained and
tested on real images and the closest competitors technique used on the real test dataset.
The closest competitor is marked sota in Fig. 4.7 to indicate the state of the art(sota)
results reported by the same[22]. The sota uses computer vision to identify geometric
relations between the four points in the image plane, camera coordinate system and world
coordinate system. They also use a photo detector(PD) to identify the location of the light

in the world coordinate system.
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TABLE 4.1: Mean 3D positioning error results

Train Test | Distance from light (m) | Mean 3D error (cm)
1.66 3.11
Simulated | Real 1.3 2.65
1.6 5.32
1.23 49
1.66 0.29
Real Real 1.3 0.104
1.6 1.32
1.23 1.17
1.66 6.35
state of the art 1.3 6.17
1.6 8.13
1.23 6.07
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FIGURE 4.7: CDF of 3D positioning error for data at 1.66 m

The model trained on the real dataset produces the best results of the three techniques
though it was trained on four times fewer data points as observed from the CDF of 3D

error at 1.66 m from the light in Fig. 4.7. This however, fails to take into consideration
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the time intensive labelling process of the corner points. The maximum error produced
here is less than 10 cm when trained and tested with real images. The maximum error
rises to 12 cm in the case of training with simulated images and testing with real images.
The sota performs the worst with maximum errors of upto 40 cm. However more than

90% of the points have less than 10 cm of error in all three cases.
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FIGURE 4.8: CDF of 3D positioning error for data at 1.3 m

The CDF of 3D positioning error at 1.3 m from the light is shown in Fig. 4.8, where the
maximum errors for both models trained on simulated and real images decreases but the
maximum for the sota increases to 90 cm while the 90% performance improves slightly
indicating that there are outlier grid points in the sota affecting the overall performance.
The mean 3D positioning errors are listed in table 4.1, with the train and test columns
indicating the training dataset and testing datasets used. The mean errors are consistent
with the CDF observed at these two heights, as we move closer to the light the overall
positioning error decreases. Though the positioning accuracy achieved in the simulated
dataset is lower than the real images, it still is better than the sota by more than 3 cm for

both the heights indicating the similarity of the simulated images to real images.
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4.3.3 Performance generalization

The results reported thus far have used either simulated or real images from the same
heights for training the models. However, this is not a good indicator of the model hav-
ing learnt the relationship between corner points of the light in the image and the 3D
coordinates of the receiver location with respect to the light. In order to test if the model
has learnt this relationship two different heights of the real images were used as test
datasets at 1.6 m and 1.23 m from the light. These are just 6 cm and 7 cm away from
the original training locations, in order to truly test the generalization of performance on
the height axis, two more sets of images were simulated at 1.76 m and 1.56 m from the
transmitter. Though the test set at 1.6 m is still close to one of the datasets, the 1.23 m test
set can be used to gauge consistency of results since it is further from both the datasets.
The number of images for this simulated set has changed owing to the change in distance
from the light, with 2683 images at 1.76 m and 1620 images at 1.56 m, to 4303 images.
The real dataset however was kept at 1.66 m and 1.3 m owing to the difficulty in data col-
lection and labelling. Since the proposed technique involves the use of simulated images
rather than real images a new real image training set was not created for the new heights

at which images were simulated.

The CDF of the 3D positioning error for test data at 1.6 m from the light is shown in Fig.
4.9, where the model trained on real images performs the best with the maximum error
still lower than 10 cm. The model trained on simulated data shows a marked decrease
in performance owing to the new dataset further away from test points and has a higher
maximum error than the sota in this case. However, 90% of the points have less than 15
cm error in the simulated dataset while the sota has the same mark at less than 25 cm.
This marked difference in performance is observed owing to the distance from the light
being higher for this dataset and the simulated points being further away on average from

the test points.

The CDF of 3D positioning error in the case of test data at 1.23 m from the transmitter
is shown in Fig. 4.10, where the model trained on the simulated dataset performs better
with a marked reduction in the maximum error from 25 cm to less than 18 cm. The sota
achieves similar maximum error but more than 90% of the points are observed to have an
error of less than 10 cm which once again indicates outliers in the case of sota causing

performance issues compared to the simulated results in [22].
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FIGURE 4.9: CDF of 3D positioning error for data at 1.6 m

The CDF of individual deviations of the estimated locations from the ground truth on all
three axes is shown in Fig. 4.11, where the sota performed worse on all three axes. The
simulated data observes a higher error on the x and y axis than the z axis indicating the
robustness of the relationship learnt by the model. The x axis produces highest error for
all three techniques with only the model trained on real images managing a 90% mark less
than 5 cm error. In both the other axes almost no error is observed in the real model, but
the simulated model performs better than the sota in all three axes individually producing

the lowest error in the z axis.

The CDF of individual deviations for the data 1.23 m from the light is shown in Fig. 4.12,
where the z axis error is the lowest for all three models owing to the receiver’s proximity
to the light. The maximum errors are produced in the x axis once again but this time
both sota and the simulated model perform much closer to the real images model on the
x and z axis with the y axis producing the highest difference between them. From the
table 4.1, the mean positioning error is also consistent with the observed results thus far,
the model trained on real images performs the best across the board for all heights but

this data collection strategy is not scalable when applying to deep learning models. The
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FIGURE 4.10: CDF of 3D positioning error for data at 1.23 m

simulated models perform much better than the sota by 3 cm at 1.6 m and 2 cm at 1.23
cm, which apart from the proximity to the transmitter is also driven by anomalies in the
test dataset at 1.6 m which causes an increase in error across all three models but the most
pronounced errors in sota. This cannot be due to height generalization testing since the

sota employs a computer vision based technique and does not rely on data for modelling.

4.4 Conclusion

We proposed a tree-based VLP technique using simulated data for single LED indoor
positioning without the need for data collection and labelling. The model trained on
simulated images was shown to perform better than the closest competitor and within 3
cm of mean 3D positioning error from the model trained on real images. The similarity
of results obtained between the simulated and real images indicates the photorealism
observed in the simulation. The conversion of images to a list of points reduces the

unstructured images to structured data enabling the superior performance compared to
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FIGURE 4.11: CDF of three axis errors for data at 1.6 m

the closest competitor. The superior performance of tree-based models on structured
data is leveraged to obtain these results. The generalization of the models was tested by
simulating images further from the test points and the models were shown to perform
best on the z-axis with the lowest error among the three axes. The proposed technique
was implemented with a focus on deployment in a smartphone, which severely limits the
complexity of a model that can be trained. The feature extracted for use in the proposed
technique simplifies the simulation requirement. However, for more complex models
which use more advanced features extracted from the entire simulated image, further
analysis of similarity between the simulated and real world images can be performed
in the future. The dynamic environmental changes such as lighting conditions within
the test environment and their influence on the images can be analysed in detail. The
simulated images can be used to train more advanced, deeper neural networks to capable
of handling multiple LEDs in the camera field of view. This would allow for complete
utilisation of the proposed simulation technique considering the amount of data required

for such models.
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Chapter 5

Optical Camera Communication for

coarse indoor positioning

5.1 Introduction

The existing standards for VLC systems ranging from IEEE 802.15.7 to 802.11bb prior-
itize the use of PDs over cameras, owing to high speeds achieved by the former. How-
ever, the ubiquity of cameras provides important use cases for camera based VLC such
as indoor positioning[101, 102] and vehicular communication[103, 104]. Cheap CMOS
sensors can be used for unidirectional communication to facilitate indoor positioning.
Coarse transmitter localisation can be achieved using radio fingerprinting[79] or mag-
netic field strength based techniques[27], but they are not as accurate as camera based
VLC. To identify each transmitter uniquely, the length of code being transmitted has to
be high, which requires a high data rate. Simulation tools are generally used to identify
the maximum frequency of operation and hence decide the maximum number of bits in
the code. While PD based VLC has several tools to identify this, camera based VLC

does not.

Current OCC simulation techniques are not as accurate as in the case of PDs, owing to
the different processing pipelines employed by CMOS cameras. A radiometric approach
with a complete image processing pipeline was produced to test camera performance[105]
but the rolling shutter effect of CMOS cameras was not included. A Lambertian model for
the transmitter was used to incorporate distance into the simulation[106] and transmitter

illumination data was used in Blender to generate photorealistic images of lights[85] but

55
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both lack OCC capabilities. CamComSim[107] employs a Markov-modulated Bernoulli
process to simulate a network and produce probability of success but it does not generate
an image to facilitate decoding algorithm testing. OCC simulation has been performed
using DC gain of each pixel in the area of view of the camera[108] and using photometric
properties[109] but both do not outline operation beyond shutter speed with the former
adhering to the Nyquist rate. Though there are simulation techniques available for OCC,

they do not work for frequencies beyond the shutter speed.

Most camera based VLC simulation techniques use physical principles such as radiation
or photometry to determine equations for performance metrics such as signal to interfer-
ence plus noise ratio or maximum bit rate directly which leads to the rigidity of these
techniques. We seek to address this issue using a simple weighted average of expected
light intensities over individual exposure periods allowing for the simulation of images
close to reality. To test the accuracy of the proposed simulation technique, simulated
images were decoded using a commonly used thresholding technique[89, 110] and the

results were compared with experimental data.
The main contributions of this work are
e Proposed a simple technique to simulate OCC at any signal frequency irrespective
of exposure time.

e Compared discrete Fréchet distance of proposed simulation technique and SOTA

technique.

e Experimental validation of simulation for two different cameras and two different

transmitters.

e Tested influence of noise on a conventional detection technique for different trans-

mitter and receiver properties.

e Proposed an improved demodulation technique by training machine learning mod-

els on simulated images.

e Analysed BER to test influence of modulation and encoding schemes on the pro-

posed demodulation technique.
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5.2 Methodology

The process outline is delineated in Fig. 5.1, where the transmitter is an LED panel light.
A 10 bit code was chosen since it will allow for 1024 unique variations which can be
assigned to as many lights in the case of transmitter localisation for indoor positioning.
This code is then encoded using differential Manchester encoding to limit the run length
of same bits since this will cause noticeable flicker at lower frequencies. We have used
on off keying (OOK) modulation, which is the most commonly used modulation tech-
nique for OCC[108]. Since image processing is computationally intensive, this simple
modulation scheme allows for detection on lower end smartphones. By capturing im-
ages of the LED panel through a camera the transmitted data is received. To simulate
this received image, the camera parameters such as the exposure time, focal length and
aperture along with the transmitter properties such as the area of the panel and luminous
intensity are used. Samples for the simulated and actual image for the same parameters
are shown in Fig. 5.1, which look similar. While we can compare the images directly
for similarity metrics, it does not tell us if the simulated image will perform the same as
the actual image on detection algorithms which is the main use of simulation. Hence, we
perform image processing to get the transmitted string which is then decoded to obtain
the transmitted code. We compare the received codes with the transmitted code to find

the number of correct bits which is the success rate of transmission.
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FIGURE 5.1: Process outline.
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5.2.1 Experimental Setup

To test for the robustness of the proposed simulation scheme, we collected images on a
phone and tablet front camera at different distances from the transmitter and at different
switching frequencies. We use the front camera on both these devices since it allows the
user to look at the screen of these devices for navigation when using the lights above
them for positioning. The transmitter and receiver specifications are mentioned in table
5.1, where the models of the phone and tablet used are also outlined. The code to be
transmitted was encoded on an Arduino Uno and an n channel MOSFET switch was used
to switch the light on and off according to the encoded bit string at switching frequency
within the range outlined in table 5.1. To facilitate ease of data capture we placed the
light on the floor and the receiver at distances ranging from 60 cm to 200 cm in 20 cm

increments. For each frequency, exposure time and distance, five images were captured.

TABLE 5.1: Device specifications

Parameter Specification

Transmitter model  Lite Unite LED panel, DWUGR606036
LED shape and size 59.5 cm square panel

Colour temperature 4000 K

Luminous flux 3600 Im

Transmitter model LD-2835-R-12W

LED shape and size 18 cm round panel

Colour temperature 6500 K
Luminous flux 880 Im
Code 1110111000
Frequency 2 to 20 kHz
Modulation OOK
Encoding Differential Manchester
Phone model Redmi Note 9 Pro
Image resolution 2304 x 1728
Exposure time 68 us & 136 us
Readout time 8 us
Aperture 2.25
Tablet model Galaxy Tab S7
Image resolution 2448 x 2448
Exposure time 52.5 us & 105 us
Readout time 13 us
Aperture 2
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5.2.2 Simulation Technique

The image generation pipeline for CMOS sensors is the same across the current simula-
tion techniques for OCC. The amount incident photons on the sensor is determined by
the luminous intensity of the transmitter along with the lens aperture and exposure time
of the camera. These photons are converted to electrons based on the quantum efficiency
of the sensor and the resulting voltage is amplified based on the ISO speed of the camera.
This is then digitized and converted to a pixel value value between 0 and 255 through
gamma encoding. Each camera processes these pixels through a unique image processing
pipeline which is not revealed to the user, following which the final image is generated.
The general pixel value determination for when the light is on or off is performed as
outlined in [109], and detailed below as PV,

max

/v
PV, = 118( S X1 (LU+EU5>> 5.1)
K x N2 b4

and PV, respectively.

where S is the ISO speed of the camera set to be 100 in our experiments, ¢ is the exposure
time, N is the lens aperture, L, is the luminous intensity of the transmitter which was
3600 cd /m? in our experiments, E, is the external illuminance measured to be 290 lux,
R is the reflectance assumed to be 40% as per [111], K and y are constants assumed to
be 12.5 and 2.22 as per [109].

PV,

min

X E —
K x N2 ‘m

Ly
=118< S Xt R)

(5.2)
In a CMOS sensor with rolling shutter, each column is exposed individually for the ex-
posure time. Each column aggregates the amount of light over this time period. When
the switching period is less than the exposure time, the light will be on and off within a
single exposure period. We calculated the simulated pixel value for each column PV,
and PV,

min

as the weighted average of PV,

. using the duration for which the light is on

and off as the weights. The formula for which is as follows

PV, (i) = - (5.3)

PV axe X 1o (0) + PV, X 1,1 (i)

where 7, (i) 1s the duration for which the light was on when column i was exposed and
1,7¢(i) 1s the corresponding duration when the light was off. There is a small delay be-
tween when each column is exposed called the readout time, which is much smaller than

the lowest possible exposure time for the camera. Therefore there is a significant overlap
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in the states for consecutive columns. This allows us to observe the light states even when
the exposure time is greater than the switching period. The resolution and the readout
times of the cameras used are listed in table 5.1. Since we do not know the exact image
processing steps used to arrive at the final image, we employed a commonly used contrast

enhancement technique called histogram equalisation to improve detection.

FIGURE 5.2: (a) projected light corners (b) mask of the light area (c) calculated pixel
value (d) simulated image

The pixel value calculation uses transmitter and receiver properties but does not take the
distance between them into consideration. The larger the area covered by the transmitter
in the image better the chances of detection. Using the intrinsic camera properties we
projected known coordinates of the LED corners to the image plane, which are labelled in
Fig.5.2(a). These corners are then joined to form a mask of the image area covered by the
transmitter shown in Fig. 5.2(b). The string of pixel values after histogram equalisation
is shown in Fig. 5.2(c), where the light covers the entire image area. By masking the

area of interest we arrive at the final simulated image shown in Fig. 5.2(d).

5.2.3 Decoding Technique
5.2.3.1 Conventional Technique

To test the accuracy of simulation, we propose to compare the detection success rate
of simulated and experimental values. The conventional demodulation technique out-
lined is based on Otsu’s thresholding which was shown to be useful in similar decoding
problems[110]. We identify the area of the image covered by the transmitter through im-
age processing. We determine the brightest pixels in the image covering five percent of

the area, which gives us some of the pixels in the transmitter image. If there are multiple
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contours the overlapping area is used to grow the contour until only one contour remains.
A bounding rectangle is constructed over this contour which is sliced from the original
image as shown in Fig. 5.1. The columns within this area are averaged to obtain a signal.
Otsu’s thresholding is used to binarise the image. A histogram of the run length ones
and zeros is constructed from which once again Otsu’s thresholding is used to determine
the average run length for ones and zeros. We used a header with three continuous ones,
since the code can never have that owing to differential Manchester encoding. The first
two instances of the header are used to separate the code of interest, which is then de-
coded to get the received code. Since the data rates achieved by OCC are much lower
than VLC and the difference between a single transmitted and received code is the met-
ric of importance, we report the success rate as a percentage instead of the bit error rate,

which is defined as follows.

#B,
x 100 (5.4)

SR= ——
#1 X #B,

where #B, 1s number of correct bits in the received code, #1 is the number of images and

#B, is the total number of bits in the code.

5.2.3.2 Proposed Technique

Neural networks have been shown to be capable of performing demodulation [112, 113].
We propose to use the simulated images to train a machine learning classifier that uses the
output of the previous symbol as an input to the current symbol. Using images directly
will require computationally intensive deep learning models, which we have avoided us-
ing image processing to convert the images to a string of values. We identified the bound-
ing rectangle encompassing the light in the image using the conventional technique. We
averaged the values over this bounding rectangle to obtain a string of pixel values. The
header was identified within this string and the bits between consecutive headers were
split into individual bits. Since the problem has been reduced to a classification prob-
lem with two output classes, simple machine learning techniques can be used to perform

demodulation.
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FIGURE 5.3: Pixel values when the exposure time is

5.3 Simulated Images

To show that the proposed simulation technique is accurate and better than extant tech-
niques, we compared it to a state of the art (SOTA) simulation technique. The photom-
etry based simulation technique in [109] is considered SOTA since it defines simulation
until the exposure time is less than the switching period while others define simulation
when the exposure time is less than half of it. The SOTA defines the complete band and

transition band lengths to determine the sequence of pixel values for all columns.

! —t
he=tE—  h =2 (55)

r r

where A, is the number of columns that will be at the zero or one state, A, is the number
of columns when moving from one state to another, #, ., is the switching period of the
LED and ¢, is the readout time of the camera. When the exposure time is equal to the

switching period the complete band becomes zero as per this technique.

5.3.1 Pixel Value Comparison

The pixel values when the exposure time is less than the switching period is shown in
Fig. 5.3(a), where the three plots refer to the SOTA, the proposed technique and the
experimental value for 10 kHz signal when the image was taken with an exposure time
of 68 s 120 cm from the transmitter. The SOTA pixel values are lower than the other two

since contrast enhancement was not performed. The logic used by SOTA to determine
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complete and transition band lengths is shown to provide different pattern compared to

the experimental value even when the exposure time is less than the switching period.

Since SOTA is not defined when exposure time is greater than the switching period,
the pixel values for the proposed simulation technique and experimental values for are
reported in Fig. 5.3(b). The pixel values of the proposed technique are marginally higher
than the experimental values and the patterns are slightly different from each other. This
can be due to the different image processing techniques used, but the overall difference
between the two similar consecutive bits and one bit is apparent from both. Here the
image was captured at the same settings with an exposure time of 136 us. As the exposure
time increases the contrast between single ones and zeros reduces eventually changing the
sequence of bits rendering detection impossible. The SOTA simulated images from the
banding caused by the rolling shutter effect as a signal. This signal is calculated using the
maximum and minimum pixel values along with the complete and transition band widths.
The proposed technique uses the maximum and minimum pixel value calculations and
calculates a weighted average based on the relation ship between the exposure time and
switching period. This adds no further complexity to the computational algorithm of the
SOTA technique. The difference in accuracy between the SOTA and proposed techniques

is discussed in detail in the following section.

5.3.2 Discrete Fréchet Distance

While the similarity between the signal simulated through the proposed technique and the
actual photo is apparent, we use discrete Fréchet distance[114] to quantify this similarity.
This metric is the sum of the distance between corresponding points on two curves, which
will be zero for the same curve and keep increasing as the curves become increasingly
dissimilar. The three curves where the exposure time is less than the switching period
in Fig. 5.3(a) are compared in pairs, the state of the art simulation technique and the
proposed technique curves with the experimental curve. The curves generated by 10
bit OOK code at 10kHz switching speed with differential manchester encoding for 68 us
exposure time are shown in Fig. 5.4. The figures show a clear picture of how the discrete
Fréchet distance (DFD) is calculated. The lines which represent the Euclidean distance
between the corresponding points in the curves become increasingly lighter from left to
right. The SOTA simulated curve and the eperiental curve are compared in Fig. 5.4(a),

where the difference in amplitude of pixel values contributes to the major difference in
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FIGURE 5.4: Discrete Fréchet distance for points on the curve

the metric while the temporal difference is also visible though not as apparent. The curve
simulated through the proposed technique and the experimental curve are compared in
Fig. 5.4(b), where the lines between the curves are barely visible. There is amplitude
and temporal differences are non existent compared to the state of the art technique. This
difference is shown in the DFD of the two simulated curves being 13.43 for the proposed
curve and 99.32 for the SOTA curve.
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FIGURE 5.5: Discrete Fréchet distance as a function of switching frequency.

Though the difference in simulated curves is quantified for this specific switching pe-
riod and exposure time combination, all other combinations need to be tested to draw

wider conclusions on the simulation techniques. The DFD of the curves from the two
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simulation techniques are plotted as a function of the switching frequencies in Fig. 5.5,
where the exposure times are either 68 s or 136 us and the prop in legend refers to the
proposed simulation technique while the sota refers to the state of the art simulation tech-
nique. At 68us exposure time, the SOTA technique only has values until 14kHz since the
switching period becomes 62.5us which is less than the exposure time. The DFD of the
SOTA curve and the experimental curve increases as the switching frequency increases
with a couple of points decreasing slightly. This shows the equation 5.5 for complete and
transition bands are not as accurate the proposed technique since the temporal mapping
changes as the relationship between the switching period and exposure time changes. In
case of the DFD between the proposed curve and the experimental curve for 68 us expo-
sure time, the values are lower than 20 until 14 kHz switching frequency and increasing
marginally beyond 20 when the switching period is less than the exposure time. For 68 us
exposure time, the proposed technique has the highest DFD of 26.48, while the SOTA
technique DFD was lowest at 65.74. Even when comparing the techniques within the
frequency limitation of the SOTA technique, the DFD of SOTA is nearly three times the
DFD of the proposed technique.

We further explored the difference in the simulation techniques when the exposure time
was greater than the switching period as shown in Fig. 5.3(b) since the curve from the
proposed simulation technique was shown to be increasingly dissimilar to the experimen-
tal curve. The DFD values at 136us exposure time for proposed and SOTA techniques
is shown in Fig. 5.5, where the SOTA curve only has 3 points till 6kHz since the switch-
ing period becomes 125us which is lower than the exposure time. Even among these
three points, the SOTA curve is shown to be dissimilar to the experimental curve with
DFD increasing from 79.33 to 107.17. The DFD values for the proposed technique are
calculated for all the frequencies ranging from 2 to 20kHz to show the influence of the
difference between the switching period and exposure time on the proposed simulation
technique. The DFD values till 6kHz are similar to those for 68 us exposure time both
being less than 20, but the values increase as the difference between the switching period
and exposure time increases with 39.52 DFD observed at 20kHz switching frequency
when the switching period is 50us and exposure time is 136us. The worst DFD for the
proposed technique is approximately half of the lowest SOTA DFD for the same expo-
sure time. The curves shown in Fig. 5.3(b), at 10kHz switching frequency are noticeably
dissimilar than those in Fig. 5.3(a) but the DFD is 22.55 showing the overall shape and
amplitude remain consistent. Thus the curves from the proposed simulation technique

was shown to be much more similar to the experimental curves than the curves from the
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SOTA simulation technique. Though the similarity of curves from proposed simulation
technique and the experimental curves decreases as the switching period decreases lower
than the exposure time, the DFD was shown to be much lower than SOTA levels even
when the switching period was less than half the exposure time. Thus, the performance
of the proposed technique is shown to worsen as the exposure time increases with respect
to the switching period. While this may be sufficient for the OOK modulation tested here
owing to the existence of two extreme states, as the complexity of the modulation tech-
nique increases to incorporate dimming, these problems could be amplified at such large

differences between the switching periods and exposure times.

5.4 Experimental Validation

5.4.1 Effect of transmitter parameters

Though we have shown the curves produced by the proposed simulation technique are
more similar to the experimental curves than the SOTA simulation technique, we still do
not know if these curves are similar enough to replace the experimental curves. Since we
want to replace the experimental curves to help develop and test demodulation techniques
we tested the simulated images on the conventional demodulation technique[110] and
compared the resultant detection success rates with that from the experimental images.
To account for the receiver parameter variation we have varied the switching frequency
and exposure times but the transmitter variation has yet to be tested. We have incorpo-
rated a difference in the shape, size and luminous intensity of the transmitter panel in the
image simulation process the specifications of which are outlined in table 5.1. A square

panel light and circular panel light were tested and the results are reported.

5.4.1.1 Square Panel Light

The detection success rate is used to determine the accuracy of simulation and to ascertain
the frequency at which detection stops. We have used two exposure times for both the
devices tested, with one being the lowest possible exposure time for that camera and
twice that value. The detection results for the phone are shown in Fig. 5.6, where the
experimental success rate for both the exposure times is similar to the simulated values.

The experimental success rate for both exposure times at 8kHz beyond 180cm is lower
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than the simulated value but this is just a difference of two data points which could be
chalked up to two headers not being observed for the experimental images. For the higher
exposure time though the exact success rate is not observed, the technique provides a good
indication of when detection ceases. This happens when the switching period is nearly

half the exposure time at 14 kHz.

(a) 68 us experimental (b) 136 us experimental
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(c) 68 us simulated

Frequency (kHz)
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FIGURE 5.6: Detection success rate comparison for phone camera.

The success rates for the tablet camera are outlined in Fig. 5.7, where once again the
experimental success rates are similar to the simulated values for both exposure times.
The experimental success rate is lower than the simulated value at 2 kHz for both expo-
sure times. We can determine that this frequency is low to accommodate an entire 10 bit
sequence in the image. The detection ceases when the switching period is slightly greater
than half the exposure time at 16 kHz. Thus, the proposed technique provides the abil-
ity to test detection techniques and to determine the ideal number of bits and switching

frequency for a given exposure time.

5.4.1.2 Circular Panel Light

The detection success rate for circular panel light using the phone camera is shown in
Fig. 5.8, where (a) and (b) are from experimental images while (d) and (c) are from sim-
ulated images. The simulated and experimental results at 68 us are similar. The switching
frequency limit of 2 kHz is consistent across both the square and circular panel lights.

The simulated and experimental results at 136us are similar upto the 12 kHz beyond
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FIGURE 5.7: Detection success rate comparison for tablet camera.

which minor differences are observed but both remain undetectable with success rates

predominantly below fifty percent.
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FIGURE 5.8: Detection success rate comparison for phone camera.

The detection success rate for a circular panel light using the tablet front camera is re-
ported in Fig. 5.9, where even the minor differences observed for the phone camera was
absent. The detection success rate at 52.5us was the exact same value across all data
points tested, with minor differences observed beyond the detection limit of 14 kHz in

this case. The same detection limit was observed for both the devices establishing the
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validity of the proposed simulation technique across different transmitter and receiver

specifications.

(a) 52.5 ps experimental (b) 105 pes experimental

(c) 52.5 ps simulated
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FIGURE 5.9: Detection success rate comparison for tablet camera.

5.4.2 Effect of Noise

The images from the proposed simulation technique was shown to be similar enough to
replace experimental images for demodulation algorithm development and testing. The
simulation techniques also provide a way for us to test when an algorithm will breakdown
as the noise in the image increases. To test this on the conventional technique, we added
Gaussian noise to the simulated pixel value at a specified distance from the transmitter
to observe its effects. We tested the effect of noise on both the phone and tablet front
cameras at 136us and 105us exposure times respectively since these were shown to have
a switching frequency limit beyond which the conventional technique fails. Apart from
the receiver variation, the transmitter variation has also been incorporated into the testing
with both the circular and square panel lights. The success rate is plotted as a function
of switching frequency and noise level in Fig. 5.10, where each noise level indicates an

increase of 10 standard deviation to the Gaussian noise.

For the square panel light, the phone and tablet camera images are Fig. 5.10(a) and
Fig. 5.10(b) respectively. The results are aggregated at 1m from the transmitter for the
square panel light. The phone camera at 136 s showed that beyond the 12kHz switching

frequency the conventional technique fails as shown in Fig. 5.6. This is observed in
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FIGURE 5.10: Influence of noise on the detection success rate.

Fig. 5.10(a) when the noise level is zero. As the noise level increases we see no major
differences until the noise level three and four, where the detection fails at 10kHz for
three and 8kHz for four which shows the increased sensitivity of the decoding technique
to noise. A similar transition is observed at noise level three and four in Fig. 5.10(b),
where the switching frequency limit is 14kHz for the tablet camera and a reduction 12kHz
and 10kHz was observed. The detection success rates were aggregated at 0.5m for the

circular panel light owing to its smaller size compared to the square panel light.

The detection limit changes to 10kHz from 12kHz for the phone camera in Fig. 5.10(c)
and from 14kHz to 12kHz for the tablet camera in Fig. 5.10(d) when the noise level
is four. There is a two step reduction for the square panel light consistent across both
receivers while only a single step reduction is observed in the circular panel light. Beyond
noise level four no transmitter and receiver combination produces detectable signals. The
difference in resolution of the two cameras tested was also apparent from the success rates
reported. The phone camera has a lower resolution which makes detection impossible
until 4kHz for the square panel light and 6kHz for the circular light. The tablet camera

has a higher resolution which makes more states of the light visible making detection
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FIGURE 5.11: Bit Error Rate at different distances from the transmitter for OOK

possible at lower frequencies of 2kHz for the square light and 4kHz for the circular light.
Thus the proposed simulation technique was shown to be capable of testing the effect of

noise on detection techniques.

5.4.3 Effect of modulation and encoding

While the proposed simulation technique was experimentally validated using the detec-
tion success rate, to test the effect of modulation and encoding on the simulation tech-
nique we reported the bit error rate (BER). Since a larger range of frequencies, transmitter
and receiver parameter were tested to validate the simulation technique detection success
rate which was reported using few images was employed. Since BER requires a large
number of frames to draw effective conclusions, only two modulation and two encoding
techniques were tested using the phone camera and square panel light. We captured a
one minute video at 60 frames per second (FPS) in 1920X1080 resolution. This video
was then broken down into 3600 frames from which the BER results are reported. Apart
from the OOK modulation and manchester encoding techniques, we tested commonly

used variable pulse position modulation (VPPM) and 4b6b encoding techniques.

The BER results for OOK modulation are outlined in Fig. 5.11, where BER is plotted
as a function of distance from the transmitter. The results for manchester encoding are
shown in Fig. 5.11(a), where ann denotes an artificial neural network and rf denotes
random forest the suffix -seq denotes the models trained with the output of the previous

bit as an additional feature. The results from conventional technique are also compared
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FIGURE 5.12: Bit Error Rate at different distances from the transmitter for VPPM

with the same. The hd-fec refers to the hard decode BER limit before forward error
correction which is 3.8 x 1073. The BER is reported from 60cm to 200cm in 20cm
increments where the BER was observed to increase linearly with increasing distance
from the transmitter. A significant improvement in BER was observed between the ann
and rf models, with slight improvements introduced by the previous output bit feature.
The worst performing among these models was still observed to produce better BER
at all distances. The results for 4b6b encoding were shown in Fig. 5.11(b), where all
the models performed marginally better than the manchester encoded data owing to the
fewer number of bits required to represent the same data. Similar patterns were observed
with the proposed improvement to the demodulation technique producing better BER

compared to both the conventional technique and the basic models.

The BER results for VPPM modulation are delineated in Fig. 5.12, where the results are
worse than those from Fig. 5.11 due to the higher number of bits required to represent the
same data. Among the two proposed models ann performs worse than the tree-based rf
model. The ann model performed worse than the hd-fec level at 2m from the transmitter
for manchester encoding and never for the 4b6b coding in the case of OOK modulation.
For VPPM with manchester encoding the ann model performs worse than the hd-fec
level at 1.2m from the transmitter and the rf model breaches this level at 2m from the
transmitter as shown in Fig. 5.12(a). The combination of manchester encoding with
VPPM produces the worst results overall owing to requiring the most number of bits to
represent the same eight bit data. The VPPM with 4b6b condition is reported in Fig.
5.12(b), where the performance is better than Fig. 5.12(a) but worse than Fig. 5.11.

The rf model here manages to stay below the hd-fec level at all distances but the ann
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model starts performing worse than the level at 1.4m from the transmitter. Thus we
can conclude OOK modulation performs better than VPPM and 4b6b encoding is better
than manchester encoding. The proposed demodulation technique was shown to perform
better than the conventional technique and models without the additional feature. This
technique does away with the influence of the background features on the performance by
operating at the lowest possible exposure time. However, if the transmitter is placed too
close to a more powerful light source or if the light is placed in the corridor or balcony
where external light can interfere with the signal the proposed technique and trained
model will no longer perform as reported but this would also influence the conventional

technique used in this section.

5.5 Conclusion

A simple simulation technique for camera based VLC at any signal frequency irrespective
of exposure time was proposed. The simulated images were compared with experimental
images. The accuracy of the simulation technique was tested using a simple detection
technique to compare detection success rates of simulated with actual images. Thorough
experimental validation was conducted using two different devices at two exposure times
for a range of switching frequencies and distances. The simulated and experimental suc-
cess rates where shown to be similar up to the switching frequency where detection was
no longer possible for both the devices. Different modulation schemes and coding tech-
niques were further explored by analysing BER of a proposed demodulation technique

with the conventional demodulation technique.

While there are more advanced modulation techniques capable of producing higher data
rates, the simpler techniques were used since the aim is to facilitate coarse indoor po-
sitioning using OCC. The more complicated techniques will need dedicated hardware
such as specialised transmitters and better cameras or photodetectors on the receiver for
demodulation. We have explored these simple techniques with COTS transmitters and
cheap Android phones to ensure an indoor positioning system can be implemented with
what is available now. The proposed simulation technique ensures data for developing
demodulation techniques and choosing transmitters and optimising their placement can
be obtained easily without having to procure and install lights. The proposed simulation
and demodulation technique aid in the coarse indoor localisation as part of the overall

indoor positioning problem.
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The proposed technique is important because it shows the limit of implementation using
commercial off the shelf lights and smartphone cameras. This technique can be used
for indoor positioning as a part of many location based services (LBS). In museums
and exhibitions providing more information about a specific exhibit can be expensive
requiring individual display screens for each exhibit. This can be solved by providing
this information through a video or image format as an LBS. A simple content delivery
network on the back-end of a mobile application can allow for videos about each exhibit
to be viewed by the user on their smartphones. In hospitals, where information about the
patients is written on notepads at the foot of their beds to apprise doctors of their status
this technique can hide the data on a server away from the prying eyes of passers-by. The
improved positioning accuracy and improved navigation of visitors in restricted areas
such as offices offers two fold benefits. The visitor can be given granular directions to
the desk of the person they are visiting and the accurate location of the visitor can be

tracked to ensure they do not visit any restricted section of the office space.
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WiFi based coarse indoor positioning

6.1 Introduction

Extant indoor positioning techniques based on received signal strength (RSS) finger-
printing have achieved accurate positioning results. They leverage existing open-source
datasets for training and comparing their model performance. However, the models
trained on one building cannot be used for another since these models learn the rela-
tionship of a specific set of RSSs to the building and floor locations necessitating the
expensive, time-consuming process of fingerprinting. Even when we consider the in-
dividual datasets producing these excellent results, a lot of painstaking optimization is
required which precludes a lot of people trying to implement indoor positioning quickly.
Most of the input RSS vector is empty with redundant information and the static class
labels used for buildings and floors make the models unusable on other buildings. This
chapter proposes a machine learning-based framework that uses RSS values from the
strongest access point (AP) signals and normalized output labels to combat this issue.
The framework was used on the open-source UJI dataset using less than 5% of the 520
APs to achieve 94.15% and 8.45 m floor prediction accuracy and mean positioning er-
ror respectively without any optimization. This technique was reused on 10 other public
datasets and achieved an average floor estimation accuracy of 91.93% when trained with

new data and 88.68% without any new data compared to 87.1% of the closest competitor.

All previous chapters discuss the visible light positioning problem which works when
the user is present under a light such that it is captured in the field of view of the cam-

era. Though lights are present throughout the building there will be several points where
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the lights are not visible or partially visible in the field of view of the receiver. This
is due to the lights currently being installed sparsely for illumination alone. When we
are between lights, we propose using Wi-Fi fingerprinting to limit outage. Owing to
increased interest in location based services such as indoor navigation[74] and targeted
advertising[115], we seek to produce a transferable indoor positioning model for WiFi
based fingerprinting. While GPS fails for indoor positioning[1], Bluetooth[8], radio
frequency identification (RFID)[7], ultra-wideband (UWB)[17] and visible light based
positioning[85] require expensive infrastructure deployment to achieve high accuracy.
Received signal strength (RSS) and fingerprinting are popular since it allows for decime-
tre level positioning accuracy using smartphones and existing WiFi infrastructure[29].
While CapsLoc[116] achieved high accuracy using capsule networks in the fixed input
output structure currently used for WiFi fingerprinting, in order to have the model learn
a more general representation of the problem and do away with the large input vectors
that require autoencoders or other computationally intensive methods for representation
learning[68, 117, 118], we changed the input and output structure while using the same
public datasets to ensure the results produced here are comparable to similar techniques.
To avoid confusion arising from APs not being assigned to the same input node the loca-
tion information of APs with respect to the strongest AP was also included as the input.
We solved an important part of the problem since feature extraction before classifica-
tion or regression produces better results [29]. This reduction in input features led to a
reduction in training time, size and complexity of the model, which is important[119]
since most WiFi fingerprinting models are deployed on limited hardware such as smart
phones and in conjunction with other techniques such as pedestrian dead reckoning[120]

or visible light positioning[80].

The concept of a transferable model has been tried several times, with a common deep
learning core and an autoencoder to account for different input lengths [117] or normaliz-
ing the number of floors in a building to get closer floor estimates [121] but none managed
to achieve the goal as well owing to their failure to tackle the input and output relationship
problem. There have been other models where normalization techniques were employed
to improve generalizability. The RSS values were normalized based on AP distances
to obtain an image which was then used to train a convolutional neural network(CNN)
classifier for floor and building estimation [122] and produced high classification accu-
racy but cannot be transferred to other datasets since the resolution of the image restricts
the dataset size to be above a certain number. While MetalLoc [123] has proven capable

of achieving better accuracy it still requires fingerprinting data and retraining to achieve
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those results. The problem with these complicated deep learning models is that the re-
ported results are achieved after painstaking optimization. Doing away with the need
for optimization makes it easier to achieve accurate results quickly, which is essential in

real-life deployment of indoor positioning systems.

The main contributions of this work are listed as follows

A simple series of steps anyone without domain expertise,in data analysis, can

follow to achieve high accuracy out of the box was proposed.

e A new dimensionality reduction technique was proposed to retain the important
information from the sparse RSS vector and was compared to current standard

techniques.

e New input and output normalization schemes were presented to facilitate transfer-

ability of the proposed technique.

e The performance of the proposed technique with estimated AP location was com-

pared with the accuracy achieved using the actual AP location.

e The generalizability of the proposed technique was established by rigorous testing

on 11 datasets.

6.2 Methodology

6.2.1 Proposed structure

The first step in the proposed technique is identifying the AP locations using an AP lo-
calization strategy as shown in Fig. 6.1. Feature extraction here refers to the sorting of
RSS based on signal strength and finding the difference in AP locations compared to the
strongest AP. This input dataset is then split into the training, validation and test datasets
and used to train the machine learning model after which we obtain the trained model
and its corresponding accuracy metrics from the test dataset.This trained model is then
implemented in a new building with RSS data from a previously unseen mobile phone
(receiver) and a different number of APs organized in a different structure. Since we

have used other public datasets apart from the one used for training, we had to estimate
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FIGURE 6.1: Proposed Structure.

AP location but, in most cases, indoor navigation or location-based services in commer-
cial spaces such as office buildings, malls or university campuses are implemented by

building owners who have all the AP location information.

The three stages after feature extraction are used to test the impact of the different steps in
the proposed pipeline. To test the performance of the dimensionality reduction technique
implemented in the feature extraction block, the strongest AP location is predicted to be
the location of the RP in question. To test the effectiveness of the pre-trained model,
the model trained on the UJI dataset[74] was used to predict the location estimate for 10
other publicly available datasets. To test the overall framework being proposed here, the
available datasets were trained using the same technique used in the offline process. This
gives us a normalized estimate of the location which is then denormalized using the AP

location information to produce actual location estimates.

6.2.2 Transmitter localization

The public datasets generally do not contain AP location, which is why we need to per-
form the localization. However, to decide which technique performs best we need ground
truth since there are several techniques to choose from. The LIB1 dataset [124] has the
AP locations for 16 of its 174 APs and these are located on two different floors. The 16
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APs are recorded from 4 devices as shown in Fig. 6.2. The RPs, where the data was col-
lected from, are evenly distributed over the area and the APs lie on the extremes flanked
by data points which makes it ideal for the test case. Since this dataset was collected
over fifteen months it has a hundred thousand data points for each AP. The following

subsections will cover the different techniques tested, the results and the final choice for

subsequent testing.
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FIGURE 6.2: LIB1 dataset, blue dots are RPs and red dots are APs.

6.2.2.1 Techniques

Six different techniques were tested for AP localization. The simplest strategy employed
was to assign the RP location with the highest signal strength as the transmitter location.
In case there are multiple points with the same maximum value the first RP instance of
the value was chosen to be the AP location. The second technique was another relatively

simple technique called normal centroid[125] shown below

Nj

i, = Ni 2P (6.1)
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where, m ; is the estimated location of the jth transmitter, N i is the number of RPs the
jth AP was heard in and p{ is the RP location the jth AP was heard in. This however does
not take the signal strength into consideration, so two variations of the weighted centroid
method[126, 127], which was originally proposed for wireless sensor nodes, were tested,

the general equation of which is given below

N~ 1 ’ L
where, r;; is the RSS of the jth transmitter recorded at the ith RP and w (rl. j) is the weight
assigned to r;;. Instead of taking the average of all RP locations a particular AP was heard
in, this introduces a weight for each location based on the signal strength. There are two
different ways in which this was implemented. The first being distance based weighted

centroid[128], the weight for which is calculated as follows
w (r,) = 10" (6.3)
The second is the RSS based weighted centroid[127] which is calculated as follows
w(ry,) = (ry=rom)’ (6.4)

where, r_.is chosen to be a value much lower than the minimum detected RSS value for

the dataset. A was chosen to be 0.07 for distance-based and 5 for RSS-based techniques
based on genetic algorithm based optimisation performed by Nurminen et.al.[129]. Till
now simple, computationally light techniques were tested. Now more complicated and
accurate techniques are to be tested. The log-distance path loss (LDPL) model[130],

given below, is a widely used approximation for any wireless communication system.

r(d) = r(d) — 10nlog, (%) + x, (6.5)
where, r(d) is the rss at a distance d from the AP, d,, is a reference distance from the
AP for which the RSS should be known, we have chosen it to be one meter, n is the
path loss exponent which shows the rate at which the RSS deteriorates with increase in
distance from the AP and x, represents a normal distribution with standard deviation o.

The remaining two techniques focus on solving a non linear least square problem which
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1s detailed below v
~ A ' 2
<m.,9> = argmin E (h,(m, 0)) (6.6)

where 0 is the set of all parameters apart from AP location the optimization scheme will

solve for and A,;(m, 0) is the cost function used for minimization which is shown below

The two techniques used for solving this optimization problem are Levenberg-Marquardt(LM)
which is a type of Gauss Newton optimization[131] and non-dominated sorting genetic
algorithm, NSGA-II[132]. The LM technique was employed for transmitter localization
in [133, 134]. These techniques will give us the results required for estimating x, y and

z coordinates. However, if there are multiple buildings as is the case in UJI as shown in
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FIGURE 6.3: UJI dataset, black dots are the centres of buildings.

Fig. 6.3, where the different buildings are denoted in different colours, then we use the
center of each building marked with black dots in Fig. 6.3. The distance of an estimated
AP location from the center of the three buildings is calculated and the building with the

lowest distance is chosen to be the building of the transmitter.
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6.2.2.2 Results

The results observed from the aforementioned six techniques are shown in Fig. 6.4. The
normal centroid based localization technique is labelled C in the figure, which performs
the worst of the six techniques tested with a median mean square error(MSE) close to
seven meters. The second worst is the RSS based weighted centroid method, marked
WC_ RSS in the figure, which produces close to four meters MSE. This is followed by
the distance based weighted centroid, marked WC_ DIST, which has a median MSE
of nearly three meters. The simple strength based technique, labelled MS, outperforms
the closed-form equations with an approximately two meter median MSE though with
a couple of outliers beyond the five meter range. The more complicated optimization
techniques expectedly outperform all other techniques with sub-meter median MSEs.
NSGA-II produced slightly better accuracy compared to Levenberg-Marquardt, marked
GN in Fig. 6.4, but has one outlier with greater than three meters MSE.
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FIGURE 6.4: Mean square error of different AP localization techniques.

6.2.2.3 Effect of data

From the AP localization results obtained it might be tempting to choose the computa-

tionally heavy optimization techniques for localization. However, since these buildings
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span hundreds of meters and multiple floors anything below five meters MSE would be
a close enough estimate for the use case. Moreover, we have used a small subset of the
LIB1 dataset which has the ground truth for AP location and this dataset has several thou-
sand points. This is not the case for all other datasets since some are crowd-sourced and

few are collected over such long periods of time with such granularity.
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FIGURE 6.5: Effect of data on mean square error.

As the amount of data available for training reduces the performance of these optimiza-
tion techniques also decreases commensurately as seen in Fig. 6.5. Although the MSE
plateaus from 1% to 10% of the data for both Levenberg-Marquardt, labelled GN in fig-
ure, and NSGA-II, when the amount of data is reduced to around 50 points the result is
in the vicinity of other techniques in Fig. 6.4. The distribution of the number of APs
heard at less than 100 RPs in the UJI dataset is shown in Fig. 6.6. We can see that 107 of
the 520 APs were heard at less than 10 RPs which makes them unusable. Hence we have
chosen to proceed with the maximum RSS and both the weighted centroid techniques for

further testing.



84 6.2. Methodology

S-D |_ T T T T T T T T T T
25 N
W
& 20 R
2
&
-
s 181 1 N
o
fiw]
=
E 1071 1 1
Dlilhicoih sl i o
0 30 40 50 60 70 80 90 10

0 10 2 0
MNumber of RPs

FIGURE 6.6: UJI data RP distribution.
6.2.3 Normalization
6.2.3.1 Input dimensionality reduction

Two major areas need to be addressed for normalization, which are the inputs and outputs.
The structure of the normalized model is shown in Fig. 6.7, where each node in the input
side represents w input features, where w is the number of APs. The number of APs
determines the overall length of the input vector. The AP location was used to normalize
the input features across multiple datasets. Even among the datasets being tested in this
chapter the RP location, which was used for AP location estimation, is not provided in
the same format. UJI has latitude and longitude coordinates in meters with UTM from
WGS84 [74], while the datasets that have coordinates in meters also have the origin at
different locations. To correct for these differences, the centroid of the region covered
by the dataset was made the origin for all the datasets that were tested by subtracting the
centroid from all the RP locations. This ensured the AP locations being calculated were
comparable between different datasets. The RS'S,, node represents the strongest w input
RSS values in descending order followed by AX, to represent the vector of x position

difference between the strongest and other w — 1 nodes.
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Ax; =x; — x, (6.8)

where, Ax; is the individual x value difference in AX , and j takes values from 2 to the
number of APs w. x, is the x-coordinate of the strongest AP location since the values
were sorted in descending order. The vector AX,, contains (w — 1) values. Similarly,
the difference was calculated for the transmitter y coordinate, building, floor, and the
distance between the strongest and other APs represented by AY,, AB,, AF, and Ad,,
respectively. Hence, the length of inputs is w + (5(w — 1)) which makes the choice of w
important to determine the complexity of the model required to learn the relationship. In
the case of the 11 datasets tested, the average number of APs heard at each RP was 15,
however, the floor hit rate and mean positioning error were found to be better than the
state of the art at five and ten APs respectively. Hence showing that the average number of

heard APs can be a good starting point considering the hundreds of APs in each dataset.
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FIGURE 6.7: Normalized input output structure for floor classifier.

6.2.3.2 Output normalization

The second part of the normalization is in the output end. To estimate the floor a clas-

sifier will be trained since there are applications where just the floor level localization
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is required.Depending on the number of floors or buildings being tested we can increase
or decrease the number of nodes. However, having more than the number of classes re-
quired will neither hamper performance nor need retraining but having fewer classes than

required will require the model to be retrained to incorporate data for the new classes.

As we can see the normalization is done with respect to the strongest AP location as
in the case of the input nodes. We find the difference between the actual RP location,
normalized as outlined in the previous section to have its origin at the centroid of the
location covered by the dataset in question, and the strongest AP location at that RP.
Similarly, the x and y coordinates are predicted as the x and y difference between the
strongest AP location and the RP location. This gives us class labels and locations that
allow the model to learn the relationship between RP and AP locations with respect to
each other. This allows us to use the same model without retraining on a building from
a different part of the world with no loss in accuracy. Once we get the normalized floor
and location estimate, we can add the floor or x and y location of the strongest AP to get

back the actual estimates, this is called output de-normalization in Fig. 6.1.

The output nodes in Fig. 6.7 are F, where x represents the difference between the
strongest AP location at an RP and the actual RP location. When x is negative, the
actual location is below the strongest AP location while a positive value means its above
the strongest AP location. The p in f, represents the difference in floors we want our
model to accommodate. While it is easy to choose twice the total number of floors, we
have chosen 9 which is one more than a four floor difference on either side. This was
chosen since we seldom encounter APs producing RSS more than four floors apart high
enough to be classed among the strongest 5 or 10 APs. The same process is repeated for
the x and y location but since the difference is a continuous value, instead of a classifi-
cation problem it becomes a regression problem which does not restrict the outputs to a
fixed number of labels. This type of output normalization was tried with a different input

structure which produced much lower prediction accuracy([135].
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6.3 Results and Discussion

6.3.1 Effect of transmitter localization technique

Three different transmitter localization techniques were tested to determine the effect of
AP location estimation on the localization performance. The simplest strategy employed
was to assign the RP location with the highest signal strength as the transmitter location.
Weighted centroid techniques were also tested owing to their simple closed form nature.
The distance based[128] and RSS based[126] weighted centroid were the other two tech-
niques tested. The free parameter in both these techniques were chosen to be 0.07 for
distance-based and 5 for RSS-based techniques based on genetic algorithm based opti-
misation performed by Nurminen et.al.[129]. A dataset which covered three consecutive
floors with the ground truth location of APs was used. The Hybrid-fingerprint Data with
Layout Change(HDLC) dataset [ 136] as the name suggests was collected to show the dif-
ference a layout change produced in the positioning results. This dataset also had BLE
data apart from WiFi, but we tested the proposed technique on the three different lay-
outs with the different transmitter localization techniques and compared the positioning
results with those obtained when the actual AP location was used instead. The HDLC
dataset contained three layouts which covered the same corridors in a three floor Fac-
ulty of Engineering building at the Multimedia University in Malaysia. The layouts were
progressively obstructed by boards to simulate construction or furniture being moved
around a building. Each layout was split into a train and test dataset by the provider, and
the same split was used for training the proposed technique. The mean 3D positioning
error, which was the average Euclidean distance between the predicted location and the
actual location, is shown in Fig. 6.8, which contains three graphs. The training dataset
used to train the random forest regression model is indicated in the title and results are
averaged over the three test layout datasets. The default values from scikit-learn[99] for

random forest and other models were used in all the cases.

There were three subplots, for the three layouts in Fig. 6.8 each of which in turn had three
line plots, which were the mean positioning errors obtained when we used three different
types of AP locations to calculate the input features. The first of these was labelled actual,
where the actual AP position was used. The line labelled average used the average of
the estimated AP locations from the three transmitter localization techniques used here
and the line labelled min used the estimated AP location which produced the minimum

positioning error value among the three transmitter localization techniques tested in this
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FIGURE 6.8: Mean 3D positioning error for the HDLC dataset.

chapter. Since the dataset covers 17 APs, the w values, the number of APs, in the x
axis range from 2 to 17. We can see from Fig. 6.8 that between the average of the three
transmitter localization techniques and the actual AP location for lower number of APs,
the latter trails the former but when the number of APs was closer to the total number
available, there was very little between the techniques. The best performing technique
for each w consistently outperforms both the other techniques. In the case of layout 2,
a transitory number of obstructions between layout 1 which had less and layout 3 which
had more, the performance of the average was marginally better than the actual location
but in both the other cases owing to layout 3 and 1 being very different from each other

the actual position performed better than the transmitter localization technique average.

To study the performance of the proposed technique for applications that only need floor
level localization, we trained a random forest classifier on the three different training
datasets from the three layouts and the floor hit rate was graphed for the three techniques
as shown in Fig. 6.9. The labels of the line plots refer to the same types of AP locations
as used in Fig. 6.8. The minimum among the three techniques once again performed
better than the average and the actual position. The highest hit rate was achieved on
layout 3, followed by layout 2 where layout 1 performed the worst with more than a 5%
drop compared to layout 3. Since there were no obstructions in layout 1 the performance

took a steep hit in the other two test datasets. As evidenced by the results, choosing
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FIGURE 6.9: Floor hit rate for the HDLC dataset.

the best performing transmitter localization technique for each w was the best way to
ensure optimal floor and location estimation. Since the dataset was quite small with 17
input features this was one of the few cases where, just the signal strength would have
sufficed owing to the increase in features caused by the proposed technique. However,
real world systems do not cover a specific corridor and would span multiple APs making

the proposed technique viable.

6.3.2 Data normalization and model selection

To test the proposed technique, all possible variations in the data pipeline have to be
accounted for to ensure the results are consistent. However, such testing will be too
tedious owing to the number of hyperparamters in the pipeline. The variables to be
considered here range from the transmitter localization technique, data normalization,
model used for training, etc., In order to address this problem the performance of the
proposed technique is tested with individual variations maintaining all other variable to
be constant. This will account for variation in the parameter alone and help ascertain its
influence on the overall performance. The best performing hyperparamters will then be
used for testing across other datasets and feature extraction techniques in the subsequent

sections.
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FIGURE 6.10: Effect of data choice for UJI dataset

The data choice, which refers to features used to train the model, is an important param-
eter to identify since there are several combinations owing to the nature of the proposed
feature extraction technique, where the number of input features is dependent on the num-
ber of APs being considered. The number of APs was chosen to be five for testing and
the extreme gradient boosting (xgboost) model was used. The results from testing across
all three transmitter localization techniques is shown in Fig. 6.10, where all refers to the
entire set of input features, rss refers to just the signal strength values of the chosen APs
and no structural information, xy and c/abs refer to the rss values along with the x and y
coordinates for xy and with building and floor features for c/abs. These groupings were
chosen owing to the logical separation of data in each, which can also be used to identify
feature importances in each test case. The floor prediction accuracy is highest when all
the input features are used for training as shown in Fig. 6.10(a), where the median accu-
racy is nearly 90%. The other choices also produce similar medians between 85 and 90.
This however may not be reflective of the models having learned a universal relationship
between the input and output features,owing to a higher spread and outliers in the case

of clabs and rss. In the case of xy, the median is lower but the spread is smaller.

When considering the mean three dimensional positioning error shown in Fig. 6.10(b),
the trends observed much more pronounced. The worst result produced is significantly
better, nearly 20 meters, than the nearest competitor which is c/abs. The rss grouping
suffers a drastic drop in performance compared to floor prediction falling behind all other
choices owing to the lack of structural information. We can see that the results are logi-
cally consistent with the features and their meanings given the c/abs has more connection

with three dimensional distances between signals when compared to xy since whether
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FIGURE 6.11: Effect of normalization technique for UJI dataset

or not APs are on the same floor or building bears more relevance to indoor positioning
compared to the raw difference in distances. The fact that the AP locations used are es-
timated and their accuracy can not be measured, while the estimation accuracy of floors
and building will naturally be more accurate than the exact position which is where the
x and y coordinates are derived. Thus, using all the input features is clearly the better

choice and omitting features leads to a significant drop in accuracy.

The normalization of inputs can help with quicker optimization in some cases and the type
of normalization used determines how the data is spread and can be used to emphasize
certain differences in the input values. In order to test this, two commonly used normal-
ization techniques, powed and zerotoone, were compared with the control of non, which
is non-normalized data as shown in Fig. 6.11. These are chosen since they are commonly
used normalization techniques with WiFi signal strength values [68, 137]. The powed

normalization equation is given as follows.

( RS S;—min
powed = ~min
0 otherwise

p
) if i 1s from heard AP
(6.9)

where RS'S, is the signal strength from a list of all heard APs and min is the minimum
signal strength recorded. The values for individual input features are scaled to fit the
range between zero and one in the case of zerotoone. The floor hit rates for the different
normalization techniques are shown in Fig. 6.11(a), where the data with no normalization
performs the best with the lowest achieved accuracy being more than 80% which was

not attained in the other two normalization techniques. The differences are far more
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FIGURE 6.12: Model testing for UJI dataset

pronounced in the case of mean positioning error as shown in Fig. 6.11(b), where the
median is less than 10 meters in the case of no normalization while both the normalization
techniques produce nearly 60 meters of error. Though these normalization techniques are
commonly used for signal strength data, in this case structural information ranging from
distance in meters to difference in floors and buildings are also included which is why
the non-normalized data performs better. The model used to learn a relationship between
the input features and the normalized output is one of the most important parts of the
technique. The results from testing three different models are shown in Fig. 6.12, where
xgbis xgboost, r f is random forest and m/p is a multi layer perceptron(MLP). The model
parameters are set to the defaults available out of the box in the case of scikit-learn[99]
and xgboost[97]. The number of trees for the tree-based techniques were set to 200 and
the neural network was trained with three layers of 300 nodes each. This is done to ensure
that the models are not limited on their capacity to learn complex relationships owing to
the lack of optimization. While optimizing for each dataset is guaranteed to produce
better results, the transferability and the ease of implementation are important to enable
swift large scale deployment. The floor hit rate is highest for xgboost as shown in Fig.
6.12(a), where the random forest model achieves second highest accuracy of 91.8% while
MLP does not manage to breach 90 even in the highest value for that case. The mean 3D
positioning error is 8.7 meters, which is the lowest in the case of random forest as shown
in Fig. 6.12(b), followed by xgboost which manages 9 meters. MLP produces poorer
results compared to the tree-based techniques as observed by Grinsztajn.et.al.[100], while
taking 176 seconds for training compared to 77 seconds for random forest and 7.6 seconds
for xgboost making it difficult to justify though there are several techniques which manage

state-of-the-art performance using such deep learning techniques[68, 116, 123]. The best
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FIGURE 6.13: Floor hit rate for UJI dataset

out of the box model for floor estimation is xgboost and the best one for overall position

regression is random forest.

6.3.3 Effect of feature extraction

Dimensionality reduction of a sparse RSS vector is the most challenging part of WiFi
fingerprinting based indoor positioning. Techniques that perform feature extraction be-
fore classification or regression produce better results compared to those techniques that
do not use it [29]. Deep learning techniques such as autoencoders or convolutional neu-
ral networks (CNN) are capable of feature extraction in the conventional sense of this
problem where the input is a sparse vector and the output labels are fixed and specific
to the dataset being trained on. However, when the number of input features is fixed
and the output is normalized, the problem is reduced to a standard tabular dataset for
which tree-based models outstrip deep learning techniques [100]. To study the influence
of the proposed feature extraction technique on the positioning performance some com-
monly used and successful techniques are compared with the proposed technique. Two
tree based techniques, random forest and extreme gradient boosting (xgboost), are used
to train models to ensure the effect of the model is accounted for in the observed results.
The commonly used dimensionality reduction techniques compared with the proposed
technique are principal component analysis (PCA) and factor analysis (FA). Apart from
these the stacked autoencoder (SAE) trained to reduce the RSS vector to 128 features in

the popular CNNLoc paper[68] is also used. However, the CNNLoc paper reports best
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FIGURE 6.14: Mean 3D positioning error for UJI dataset

classification accuracy in the case of 128 features, so the value for 128 features is shown

in the graphs irrespective of the number of features tested for the other techniques.

The results obtained from testing all the dimensionality reduction techniques and the
models on the UJI dataset will be explored in this section. The floor hit rate for random
forest is shown in Fig. 6.13(a), where from the legend we can see five variations are ob-
served. PCA outperforms FA and cnnloc at 128 features however is about 10% lower than
zero ,which is predicting the strongest AP floor to be the RP location. It is marked zero
since this is the value before output de-normalization, this delineates the effectiveness of
the proposed feature extraction technique. The proposed technique is shown to improve
further on the zero prediction scheme achieving maximum floor accuracy of 92.6% . The
zero technique achieving 86.6% indicates that the dataset is imbalanced, which can be
addressed to further improve accuracy which is not done here to show out of the box
performance without any optimization. Floor hit rate achieved using xgboost is shown
in Fig. 6.13(b), where the results are higher than those achieved using random forest for
all the dimensionality reduction techniques tested. The maximum floor accuracy with
xgboost for the proposed technique is 94.15% while zero is still the closest competitor
followed by PCA with 128 features at 80.11% still more than 6% lower than zero pre-
diction. The mean 3D positioning error is used to test overall localization performance
with results for random forest shown in Fig. 6.14(a). The proposed technique achieves
best results of 8.45 m while the zero prediction scheme results in 13.13 m. The closest
of the other dimension reduction techniques is PCA with 13.38 m at 128 features which
still performs marginally worse than zero prediction. The results for xgboost are shown in

Fig. 6.14(b), where the performance is slightly worse than the random forest counterpart.
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FIGURE 6.15: Training time for UJI dataset

The FA result improves from 30.31 m to 25.05 m for xgboost which is the only improve-
ment between the models. The PCA performance drops to 15.13 m while the proposed
method decreases to 8.84 m. The SAE from cnnloc achieves 25.33 m in conjunction
with random forest and 30.47 m with xgboost which is nearly two times worse than zero
prediction. While we can see that the same SAE achieved 11.78 m with CNN for regres-
sion after parameter optimization, this still is much lower than the proposed technique
without any optimization. The reduction of input features reduces the training time, size
and complexity of the model. This is important since most WiFi fingerprinting models
are deployed on limited hardware such as smart phones and in conjunction with other
techniques such as pedestrian dead reckoning[120] or visible light positioning[80]. The
time taken to train a model is a good indicator of the computational complexity, which
is shown for random forest in 6.15(a). The proposed technique takes 421.8 s with 115
features while cnnloc takes 376.3 s with 128 features, but the PCA and FA fall behind tak-
ing more than 960 s to train the model. However, since the best positioning performance
with the proposed technique was observed with 31 input features, which takes 84.04 s to
train, a fair comparison with the rest shows that the proposed technique still manages to
outperform the other techniques. The zero prediction technique which was the second
best performing method in previous comparisons does not require a model meaning its
training time is also zero. The training times for xgboost are shown in 6.15(b), where we
can see a 30 fold drop in training times even for the most time consuming techniques. The
proposed technique performs the best across all the techniques here beating out cnnloc
marginally with 17.7 s to 18.3 s. The order of the other techniques remains the same as
observed for random forest but all being faster. The proposed technique performs the best

across all the tested dimensionality reduction techniques with xgboost producing better
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floor accuracy at much faster times compared to random forest and random forest produc-
ing lowest positioning error. The zero prediction scheme provides a good alternative to
the proposed technique coming in second for accuracy and positioning if computational

load needs to be as low as possible.
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FIGURE 6.16: Comparison of proposed technique with state of the art techniques.

The floor classification accuracy and mean 3D position error from the chosen model was
compared to other models trained and tested on the UJI dataset. The proposed technique
here is labelled DumbLoc in Fig. 6.16. MOSAIC, HFTS, RTLS and ICSL are win-
ners of the IPIN contest in 2015 [138]. CNNLoc [68] uses a complicated model of a
stacked autoencoder followed by IDCNN and a few dense layers for classification. The
DeepLocBox model [139] uses an initial bounding box for area localization. The results
of zero prediction are marked zero in the Fig. 6.16. Of these models only CNNLoc and
HFTS perform better than the proposed model with both being about 1% better for the
floor prediction accuracy. However, both of them produce higher mean error when com-
pared to the proposed technique. The ICSL and RTLS models achieve lower positioning
error but produce lower floor classification accuracy. While the zero prediction technique
does perform the worst by both metrics across all the models compared, it still manages
to remain competitive despite not being trained showing the importance of the feature

extraction scheme proposed. The proposed technique was able to achieve these results
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with no optimization, using less than 15 APs as opposed to 520 for the others. The zero
prediction technique achieves 100% building hit rate for the UJI dataset and since this is
the only dataset with multiple buildings, no further training or modelling was required for
building estimation. The proposed feature extraction technique was shown to be better
than extant popular techniques however, it assumes accurate knowledge of the transmitter
locations in the building and a sufficient complexity of the environment in terms of the
density of APs in the building. If these AP locations are not available, then the model
requires sufficient fingerprinting information to localise the transmitters first and then im-
plement the proposed techniques. While the proposed techniques does not outperform all
models in both the mean positioning error and floor accuracy metrics, it is implemented
with a much lighter model using far fewer features and a light enough model to be run on
limited smartphone hardware. The only restriction imposed by this technique though is
the knowledge of transmitter locations to produce such accurate results. In the case of the
UJI dataset since the AP locations are not provided, the fingerprinting dataset was used to
localise the transmitters first and then perform positioning. The added computation that
needs to be performed for this step in the proposed technique is not performed for any of
the other state of the art models compared in this section which adds to the complexity

of the proposed technique.

6.3.4 Analysis of feature importances

While the proposed technique is shown to perform well on the UJI dataset, ensuring the
model has learnt a relationship between the appropriate input features and the normal-
ized output is essential to producing similar results across all such datasets. Most machine
learning techniques are black box modelling techniques, which make understanding these
relationships even more challenging. The random forest technique however has certain
feature importance metrics that can be employed to identify the importance of individ-
ual features to the overall performance[96]. These metrics are commonly used to de-
termine feature importance and establish interpretability in random forest models[140].
Random forests are an ensemble of decision trees so the gini metric which is used to con-
struct nodes of a decision tree are used for the mean decrease in impurity(MDI) or gini
importance[141]. The MDI feature importance calculates the number of times a feature
is used to split a node and weights it by the number of samples it splits. MDI was calcu-
lated for the random forest classifier trained for floor estimation on the UJI dataset shown

in Fig. 6.17. The data processing here employs 6 APs and the RSS weighted centroid
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FIGURE 6.17: Mean decrease in impurity of floor estimation for the UJI dataset.
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FIGURE 6.18: Mean decrease in impurity in position regression for the UJI dataset.

transmitter localization technique. Signal strength of the 6 APs is marked rss0 to rss5,
the difference in X, y, floor, building and euclidean distance between the strongest AP
marked rss0 and the 5 other APs are also included as the other features. As shown in
section 6.3.3, since the building classification accuracy using the zero prediction tech-
nique produces 100% accuracy the strongest AP is always in the same building as the
RP. The building feature importances, marked b1 to b5, hold no influence on the output
for the floor estimation model. The highest feature importance is observed for the floor
features, marked f1to f5, in the descending order of importance. The structural feature
extracted to indicate the floors holds the highest importance showing the relevance of the
data processing proposed here. The distance features, ranging from dist1 to dist5, also
show a similar descending pattern of importances but are not as pronounced as the floor

features.
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To test the feature importances for regression models employed to estimate location,
the MDI for the random forest regressor trained on the same data as earlier was used
shown in Fig. 6.18. The MDI of x coordinates is shown in Fig. 6.18(a), where x1 is
the most important feature with MDI more than twice as much as the second highest
feature, which is x2. The x coordinate features present similar to the floor features in the
floor estimator, but the difference is more pronounced in this case owing to this being a
regression problem. The input feature values are not normalized and since the values are
in the same scale as the output, the appropriate features are judged to have a much higher
importance in this case. Apart from the x coordinate features, the Euclidean distance
between the APs is also found to have high feature importance. The MDI of y coordinates
is shown in Fig. 6.18(b), where a similar set of feature importances are obtained. In both
the coordinates, the feature importances beyond the first three APs have minimal impact
on the overall performance. The floor and building values have low feature importances
owing to the two dimensional coordinates being regressed. The distance between the first
and second strongest APs is found to have a high importance in the prediction of the floor
and location, which once again suggests the structural information takes precedence over

the signal strength information.
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FIGURE 6.19: Permutation importance of floor estimation for the UJI dataset.

Though MDI is useful for feature importance testing, it is susceptible to errors in data
with high cardinality[99], this can be avoided by using the other feature importance
metric commonly used for random forests, mean decrease in accuracy or permutation

importance[ 142]. This is calculated on the test values by permuting individual features
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and averaging the reduction in error caused by the permutation, giving it the name mean
decrease in accuracy. Since this is calculated on the smaller test set, concurrence with
the expected results can be tested. The permutation feature importance of floor estima-
tion for the UJI dataset is shown in Fig. 6.19, where the most important features are the
same as in Fig. 6.17, with the floor difference between the third and strongest AP f2 is
found to be marginally more important than f'1. There are some anomalies such as x1
which can be expected since the test set is much smaller in the UJI dataset compared to
the training set and will not have a wide representation of all possible situations as the
training set. However, the most important features are the floor based input features with

the distance features following second.
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FIGURE 6.20: Permutation importance of position regression for the UJI dataset.

The permutation importances of position regression for the UJI dataset are shown in Fig.
6.20, where the x and y coordinates are given separately as in the case of MDI. The de-
crease in regression accuracy is much more pronounced for both the coordinates than the
floor estimation classifier. The x coordinate features and distance features for the first
four APs are the only features with a pronounced influence on the x positioning accuracy
as shown in Fig. 6.20(a). This is further substantiation of the results for MDI albeit with
drastic differences owing to the smaller test set. The y coordinate features and distance
features of only the first three APs see high importances in the y positioning model as
shown in Fig. 6.20(b). For the test case used here, a lower number of APs could have
been used for indoor positioning since the feature importances drop off past the fourth
AP as opposed to floor estimation where all the six APs exert influence on the classifica-
tion accuracy. The signal strength features barely record any variation highlighting the

importance of structural features.



Chapter 6. WiFi based coarse indoor positioning 101

TABLE 6.1: Database information

Dataset Train Test APs #b #1f Citations Reference

LIB 1 576 3120 174 1 2 95 [124]
LIB 2 576 3120 197 1 2 95 [124]
SAH1 9291 156 775 1 3 5 [143]
TIE 1 10633 50 613 1 6 5 [143]
TUT1 1476 490 309 1 4 72 [144]
TUT 2 584 176 354 1 3 72 [144]
TUT 3 697 3951 992 1 5 128 [75]
TUT4 3951 697 992 1 5 128 [75]
TUT 5 446 982 489 1 3 15 [145]
UJI 19861 1111 520 3 5,4,4 405 [74]
UTS1 9108 388 589 1 16 125 [68]

6.3.5 Performance generalization testing

Now the 11 datasets being considered are shown in table 6.1, where the train and test
refer to the training and test samples in the datasets, # b and # f represent the number of
buildings and floors in each dataset. The citations column outlines the number of papers
each of these datasets has been cited in. The UJI dataset is the only dataset with multiple
building data, also has the most number of training samples and it has been cited far
more than any other with 405 citations compared to 128 for the next best. Hence the
initial training process outlined as the offline process in Fig. 6.1, is performed using the
UJI dataset and the subsequent online process will be performed using all the datasets.
Note that all of these models have several APs ranging from 174 to 992 and that we will
only be using the strongest w APs at each RP for all of them.

#IF =w+ S(w—-1)) (6.10)

where, #1 F is the number of input features and w is the number of APs. The number
of input features increases as the number of APs increases but given that the majority of
RPs have less than 20 APs being heard[74], testing was one till the same. The varying

number of input features must first be normalized in order to use the same model.

1 & N0

N#IF = —
N, ; #1F

6.11)
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where, N#I F is the normalized number of input features, N, is the number of datasets,
N, is the number of APs in the dataset since this would be the number of input features

normally and #I F is the number of input features which changes as w is varied.
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FIGURE 6.21: Normalized number of input features for all the datasets.

The normalized number of input features is plotted as a function of the number of APs
chosen in Fig. 6.21. The normalized number of input features across the 11 datasets con-
sidered is more than 4 times greater than the proposed technique even when 20 strongest
APs are considered for each RP and more than 10 time greater when 10 APs are con-
sidered showing the drastic reduction in the number of input features achieved by the
proposed feature extraction technique. Since this fraction is calculated across all the
datasets and averaged, it gives a robust measure of the multiplier to be applied when all

the data is used as would normally be the case.

Ny .
FH
NFH = - > LHO
N, & FH.,,(i)

zero

(6.12)

where, N F H is the normalized floor hit rate, F H is the floor hit rate being normal-
ized and F H_,,, is the floor hit rate achieved using zero prediction technique. This will
show how a technique fares compared to the zero prediction technique. The normalized
floor hit rate across all the datasets is shown in Fig. 6.22, where the legend indicates
6 different techniques being compared. The floor hit rate corresponding to the random
forest and xgboost models are marked rf and xgb respectively. The results from these two
models are consistent with the results observed in section 6.3.3, with xgboost producing
higher floor prediction accuracy than all other models. The results obtained from using

the model pre-trained using the UJI dataset to predict floors for all the datasets is labelled
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FIGURE 6.22: Normalized floor hit rate for all the datasets.

pretrained-rf or xgb depending on the technique used to train the original model. These
are also similar to the prior models trained using the same techniques with xgboost pro-
ducing better results compared to random forest but they are worse than the correspond-
ing model trained individually on each dataset. These pre-trained models however are
better than the zero prediction technique. The floor hit rate obtained by the Klus et.al.
[146] after normalization was marked tap baseline on the plot. These are the closest floor
hit rate results tested on public datasets and after normalization the results are found to
be marginally lower than the zero prediction technique. The tap baseline technique was
developed with a focus on the prediction times which are greatly improved by the zero

prediction technique not needing to be trained.

The floor hit rate of all the datasets individually is shown in Fig. 6.23, where the tap
baseline, xgboost, zero prediction and pre-trained xgboost models are considered among
the models tested. The xgboost model was shown to outperform random forest across all
the datasets in Fig. 6.22 hence, this technique along with the pre-trained xgboost model
from the UJI dataset were used for comparison. Though the normalized floor hit rate
provides a representation of the overall performance, the individual datasets and their
performance need to be studied to gain a better understanding of the model. The tap

baseline performs better than xgboost in seven of the eleven datasets, four of these are
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FIGURE 6.23: Floor hit rate for all the datasets.

about two percent better than xgboost. The most pronounced difference in performance

is in the crowd sourced datasets, TUT?3 and TUT4, and in the UTS dataset with sixteen

floors.

Even in these three datasets the differences range from five to eight percent, with UTS
producing the biggest difference. This difference can be attributed to the large number of
floors in this building, owing to the output classes are limited to four in either direction.
While it may be tempting to increase the number of classes, the proposed technique out-
strips the baseline by a large margin in the four datasets where former performs better.
The smallest difference is in the UJI dataset with a 4 percent difference, followed by the
TUT?2 dataset with a ten percent difference. The largest improvement compared to the
baseline was achieved in the case of SAHI and TIE1 datasets, with an approximate forty
and thirty percent improvement improvement respectively. These datasets are the reason
why zero prediction technique achieves higher normalized performance than the baseline
in Fig. 6.22. The zero prediction and pre-trained xgboost models achieve higher floor
hit rate compared to the tap baseline in only TUT?2 apart from these two datasets, but the
massive difference in these two datasets puts them ahead of the tap baseline since the

baseline does not achieve more than a ten percent improvement in any of the datasets.
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FIGURE 6.24: Floor difference without data processing

The zero prediction and pre-trained models show that they are low-cost, low-effort alter-
natives that perform evenly across all datasets owing to the relationship learnt between

the structural information and the relative labels.

While the number of instances predicting the floor accurately is reflected by the floor
hit rate, the magnitude of inaccuracy in incorrect prediction is not studied. Though the
overall positioning error is studied, most indoor positioning techniques use WiFi in tan-
dem with other techniques and WiFi helps in most cases to estimate the coarse location
while other techniques provide fine adjustment[27]. Therefore, understanding how the
proposed technique fails in floor estimation will help improve the overall positioning ac-
curacy of the indoor positioning system by reducing reliance on the results. Since this
information is not provided in the paper from which the tap baseline was taken, the de-
fault models without data processing were tested. The results for model trained with raw
data are shown in Fig. 6.24, where the blue bar denotes accurate prediction with stacked
bars in order of increasing difference. The red bar denotes a difference of one between the
predicted floor and ground truth ,similarly yellow denotes two, purple denotes three and
green denotes four. The other colours occur only in the case of UTS since it has sixteen
floors. The performance of random forest, shown in Fig. 6.24(a), in this case is better
than xgboost for LIB1 and 2, but the performance of both models is much worse than the
baseline for the TIE1 dataset with less than ten percent accuracy. This dataset has an ex-
tremely small test dataset of fifty samples so the overall number of inaccurate predictions
to cause the hit rate to drop is much lower as well, this makes the results achieved by the
proposed technique even better. In the SAH1 dataset, random forest suffers a low overall

hit rate and the difference of tow floors is observed in more than twenty percent of the
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FIGURE 6.25: Floor difference with data processing

values as compared to no two floor errors in xgboost, shown in Fig. 6.24(b). The other
datasets predominantly exhibit one floor error in the case of incorrect estimation. The
effect of the feature extraction is highlighted by using the models now with the proposed
data processing techniques in Fig. 6.25, where the results are not below 80% for any
of the models. The xgboost model results are chosen over random forest owing to the
results in Fig. 6.22. The xgboost model results, shown in Fig. 6.25(a), show nearly 99%
one floor error hit rate in all the datasets. The results from the zero prediction technique,
shown in Fig. 6.25(b), where no machine learning technique was employed achieves the
lowest one floor error hit rate of 95% on the UTS dataset, with results reaching 99% on
the lower end for all the other datasets. This further solidifies the results in the Fig. 6.23,

showing that even when the prediction is incorrect it is seldom by more than one floor.

The mean 3D positioning error was normalized like the floor hit rate with the mean er-
ror from the zero prediction technique and shown as a function of the number of input
features in Fig. 6.26. The labels in the legend are the same as Fig. 6.22, with the only
difference being the knn baseline which are positioning results obtained using k nearest
neighbours(knn) technique which was used to compare with the paper[146] from which
the floor prediction results were obtained. Since the results achieved by their technique
in that paper were marginally lower than the baseline, the proposed techniques are com-
pared with the knn baseline. The random forest technique produces best results closely
followed by xgboost, both of which outperform the knn baseline. The positioning error is
different from the floor hit rate in that the zero prediction technique on average does not
perform better than the baseline. The models pre-trained on the UJI dataset follow the

same pattern as observed in section 6.3.3 with random forest model performing slightly
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FIGURE 6.26: Normalized mean 3D positioning error for all the datasets.

better than the zero prediction technique but falling short of the knn baseline. The xg-
boost pre-trained model fares the worst of all the methods tested with results 50% worse

than the zero prediction technique.

Similar to the floor estimation using proposed techniques, the mean positioning error
in the individual datasets are shown in Fig. 6.27, where results from the random forest
model and zero prediction technique were included. The pre-trained models were not
included owing to higher normalized error than the baseline and only marginally better
performance than the zero prediction technique. There are no major discrepancies in the
performance among the models in individual datasets as was observed in Fig. 6.23. The
datasets which cover lower area, LIB1 and 2, achieve the lowest error of around 3 meters
in all the models and the baseline. Unlike the floor hit rate, the baseline here is better
than the random forest results in five datasets and the datasets which contributed to the
major difference in floor hit rate, SAH1 and TIE1, are among these five datasets. This
highlights the major impact small test datasets can have on accuracy metrics. Since the
overall distance is highlighted by the positioning error, the performance remains the same
with TIE1 showing a meter improvement for the baseline compared to the random forest
model. The crowd-sourced datasets perform better in the overall positioning error as they

did with the floor hit rate. This is expected since the AP locations which form the corner
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stone of the proposed technique, providing all the structural information, are bound to
be erroneous since the RPs are not recorded accurately. The UTS dataset which covers
a large area produces lower error with the proposed technique compared to the baseline
as does the UJI dataset. The performance of the zero prediction technique is limited by
the coordinate normalization ensuring all the datasets use the same coordinate system.
While the technique fails to outperform the baseline in this case, it does achieve results
better than the baseline in some cases, TUT2 and LIB?2 datasets, highlighting the efficacy
of the proposed feature extraction technique. While random forest performs best on large
areas, the zero prediction technique is limited in this regard. Though the maximum error
is limited by the normalization of coordinate points, the average does increase owing to

the strongest AP location being predicted in all cases.

The position error distribution for some individual datasets are shown in Fig. refcdf,
where the knn baseline is compared with random forest, xgboost and the zero predic-
tion technique. The datasets were chosen based on the different categories of datasets
to highlight the difference in performance among the techniques in these datasets. The
UJI dataset is chosen to represent the performance among datasets covering large areas
shown in Fig. 6.28(a), where the baseline performs better than the zero prediction tech-

nique but worse than both the random forest and xgboost models. The maximum error
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FIGURE 6.28: Positioning error distribution in individual datasets

is limited to about fifty meters in the case of these models, while the baseline and zero
prediction technique produce errors greater than sixty meters in a small percentage of
points. The baseline has a lower mean error than the zero prediction technique since it
has a higher probability of lower error. The LIB2 dataset was chosen to highlight the
positioning error in datasets covering small areas shown in Fig. 6.28(b), where the base-
line performs worse than the zero prediction technique. The error scale is much smaller
compared to the UJI dataset highlighting the difference in scale between the datasets.
The probability of error being less than three meters is more for the baseline than the
zero prediction technique however, the maximum error for the baseline is much higher
at around eleven meters compared to nearly eight meters achieved by the zero prediction
technique. The random forest and xgboost models outperform the baseline by a signif-
icant margin which is reflected in the overall lower mean positioning error. The results
of the crowd-sourced datasets were represented using TUT4 in Fig. 6.28(d), where the

baseline achieves error lower than twenty meters for about ninty five percent of the points
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tested while the zero prediction technique has errors of around forty meters for the same
ninty five percent mark. This translates to overall performance where the baseline out-
performs random forest by more than a meter managing half the mean error of the zero
prediction technique. The scale here is much larger than the LIB2 dataset, which causes
such pronounced differences which may not be apparent from the error distribution. The
error distribution achieved by a non-crowd sourced dataset is shown in Fig. 6.28(c),
where the baseline performs much worse than even the zero prediction technique. The
proposed techniques produce similar results for about sixty percent of the points with
error less than ten meters, this is however changed at the ninty five percent mark with
the random forest and xgboost models showing less than twenty meters error with zero
prediction technique only achieving less than thirty meters. The baseline is not far be-
hind at approximately thirty five meters, but since the maximum error stretches to more
than fifty meters the mean error is much higher than the other techniques. Thus, we can
see that the performance is consistent, when broken down into error distributions within

individual datasets.

The proposed technique manages to generalize well to 10 other datasets, producing much
better floor hit rate compared the closest competitor without any training in the case of
the pre-trained model and the zero prediction technique. The mean positioning results
however indicate that the location estimation is not as easy to improve on the baseline.
The proposed technique performs better on large datasets with large number of APs as
evidenced by the UJI dataset as opposed to the HDLC dataset which is a smaller dataset
with only 17 APs. Among the datasets tested TUT 3 and TUT 4 are crowd-sourced,
which shows that even if the RP location is not accurately tracked, the proposed technique
manages to achieve parity with the baseline for floor level and location estimation. The
performance thus shows that the proposed technique enables a building owner with actual
AP locations to implement a WiFi fingerprinting based indoor positioning system without
any new data, using a model pre-trained on publicly available datasets or using the zero
prediction technique. Once the system is deployed more data can be crowd-sourced and
labelled using these techniques to implement the proposed technique and optimized if

better positioning accuracy is needed.
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6.4 Conclusion

This chapter proposes a machine learning-based technique for floor and building estima-
tion without the need for optimization. A novel input and output structure enabled similar
(within 2%) floor prediction accuracy and mean positioning error to state-of-the-art mod-
els on the UJI dataset using less than 5% of the inputs. The pre-trained model from this
dataset and the zero prediction technique, with no machine learning model, were tested
on 10 other publicly available datasets and achieved better floor hit rate averaged over the
datasets compared to the closest competitor. The proposed technique with fingerprinting
data was shown to outperform the current closest competitor in overall positioning accu-
racy after training. Thus the model learned a relationship between the inputs, strongest
AP RSS with their relative locations, and the outputs, normalized floor labels. Since this
relationship is universally similar, no new data or training was needed to achieve high
floor prediction accuracy on completely new datasets. The results are testament to the

superior generalization achieved by this technique.

These tests were conducted to explore the viability of WiFi as a floor estimation and
coarse location prediction scheme. Visible light positioning(VLP) systems relying on
CMOS sensors do not scale well to large areas owing to their limitations in visible light
communication(VLC), which is essential for coarse localization. While VLP produces
highly accurate location estimates, in the order of centimeters, with respect to a transmit-
ter, VLC is needed to identify the location of the light. Commercial off the shelf(COTS)
lights are not capable of the MHz switching rates which are needed to establish VLC
and the lights that are capable of the same are expensive. Even if the expensive lights
were used sparingly, the CMOS sensors on smartphones will not be capable of reading
them. While simpler coding and modulation schemes can be employed at lower fre-
quency ranges, they become expensive to deploy and maintain on a large scale. Thus,
employing WiFi as an input modality solves the coarse localization problem without any
new hardware deployment since the technique uses existing APs used for communication.
Since the proposed technique focuses on generalization and transferability, the coarse lo-
calization accuracy, floor and building localization, achieved is consistently high across
the different datasets tested. The zero prediction technique is particularly useful in the
case of fusion with other VLP techniques on a smartphone, which involves computation-
ally intensive image processing. In the case of AP locations being available, accurate
floor and building localization can be achieved without any fingerprinting or data collec-

tion.






Chapter 7

Conclusion and future work

7.1 Conclusions

We explored indoor visible light positioning techniques using smartphone cameras and
sensors with a focus on leveraging cheap and extant infrastructure to facilitate robust and

accurate indoor positioning.

We explored a 3D geometry based computer vision algorithm for indoor positioning in
Chapter 3. We used common properties of rectangular panel lights and tested the mean
positioning error at four heights ranging from 1.2 to 1.56m from the transmitter in 12cm
increments. The mean 3D positioning error was found to be better than the current SOTA
solution producing 0.74, 0.85, 0.92, 1.12 cm errors at 1.2, 1.32, 1.44 and 1.56m from the
transmitter respectively. The angular errors were also analysed by randomly varying the
orientation of the smartphone when capturing images at all four heights. The IMU on the
smartphone was used to determine the heading and hence estimate the orientation from
extracted features. The orientation errors were also found to be lower for the proposed
technique compared to the SOTA technique producing 3.32° azimuth error compared to
7.86° for the SOTA. This technique was further improved to address the partially visible
lights in an image by estimating corners based on the portion of the light visible in the
image. This was the first technique to perform positioning on partially visible lights
where only two of the four corners were visible in rectangular panel lights. The proposed

technique achieved 2.27 cm mean 3D positioning error and 3.57° azimuth error.
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In Chapter 4, we proposed a machine learning based indoor positioning technique using
simulated images. We used Blender to simulate photo-realistic images which were then
used to train machine learning models to estimate indoor position. The models were
trained on corners from simulated and real images to compare results. The models were
tested on data gathered at four different heights from the transmitter. The tree based mod-
els were shown to outperform traditional neural networks for this problem. The model
trained on simulated data produced a mean 3D positioning error of 3.99 cm while the
model trained on real images produces 0.72 cm. Though the model trained on simulated
data outperformed the SOTA technique with 6.68 cm, it still performed worse than the

computer vision technique and the model trained on real data.

Both the techniques till now have explored positioning with respect to the transmitter
position, this assumes the position of the transmitter is known which enables sub cm
positioning accuracy in some cases. However a real world implementation of these tech-
niques will require a technique to estimate the transmitter location. We explored the fea-
sibility of transmitter localisation using optical camera communication in Chapter 5. We
proposed a technique to simulate OCC on transmitters and compared it with a SOTA sim-
ulation technique. The discrete Fréchet distance values for the two simulation techniques
with experimental images were used to show that the proposed simulation technique was
better than the SOTA technique. The worst DFD values for the proposed technique were
less than half of the best DFD values for the SOTA technique. The simulated images and
experimental images were decoded using a conventional demodulation technique and the
resultant detection success rate was found to be similar across different transmitter and
receiver properties. These were tested with varying exposure times, switching frequen-
cies from two different cameras on the receiver side and varying shape, size and luminous
intensity through two different transmitters. BER was analysed from a one minute video
at difference distances from the transmitter for two different modulation and encoding
techniques. The BER was shown to be lower than the hard decode level needed before

forward error correction using the proposed demodulation technique.

While OCC is a viable technique for transmitter localisation, it still needs additional
electronics to be installed to switch the lights on and off at high frequencies to imple-
ment simple modulation schemes. Even the cheap simple electronics become expensive
to install and maintain when scaled to thousands of lights as encountered over a mall
or university campus. Hence, we used Wi-Fi fingerprinting to estimate coarse location

which can used for transmitter localisation. Since fingerprinting is a time and resource
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intensive process, we leveraged existing open source datasets to train models for building,
floor and position estimation. A novel feature extraction technique was used to reduce the
amount of features required for training without compromising on positioning accuracy.
The proposed technique was shown to be better than other feature extraction techniques.
The extracted features were then used to train tree-based machine learning models of
which xgboost produced the highest floor accuracy and random forest produced the best
positioning accuracy. On the benchmark UJI dataset, the proposed technique produced
94.15% floor prediction accuracy and 8.45m mean 3D positioning error using less than
5% of the AP values. The proposed technique was tested on eleven datasets to show the
generalisability of the technique. This technique was reused on ten other public datasets
and achieved an average floor estimation accuracy of 91.93% when trained with new data

and 88.68% without any new data compared to 87.1% of the closest competitor.

7.2 Future Work

While the camera based indoor visible light positioning techniques outlined in this the-
sis deal with existing infrastructure and minimizing deployment and maintenance costs,
the four techniques are presented by themselves without studying the effects of imple-
menting them together. These four techniques are split into coarse positioning and fine
positioning where both are required to implement a scalable indoor positioning system.
The computer vision based positioning technique improves on current techniques by en-
abling positioning for rectangular panel lights when only two corners of the light are
visible. However, the extent to which the light has to be visible in the image and the
influence of the partial visibility on the positioning accuracy can be further explored.
The easy to use simulation technique using Blender provides a way to generate a lot of
images which will be needed to train deep learning models for position regression. We
used a simpler technique where image processing is used to simplify the problem before
using machine learning models owing to limited computational resources available at
our disposal. The use of this simulation technique to render images for direct viewpoint

estimation using deep learning would be a natural extension of the presented work.

For the coarse positioning techniques, possible solutions are suggested but the actual de-
ployment and testing of these techniques in tandem with the fine positioning techniques

has yet to be explored. This is a possible avenue for expansion of the work presented
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in this thesis. The OCC chapter covers a simulation technique to generate data for test-
ing decoding algorithms, where massive amounts of images that can be generate open
the door for deep learning based direct demodulation and decoding from images. The
work presented uses image processing to simplify the problem before employing machine
learning due to limited computational resources at our disposal. When direct demodula-
tion in the coarse localisation and direct regression for fine localisation are possible they
can be fused together to generate one end to end deep learning model capable of accurate
and robust positioning. New modulation techniques covered in the amendment to IEEE
802.15.7-2018 standard by the IEEE 802.15.7a (TG7a) task group greatly improve the
data rate and mobility [147]. The physical layer definition PHY-7 was shown to achieve
several Mb/s bridging the gap between VLC and OCC and mobility nearing 10 km/h
which was not possible for any of the previously suggested schemes. Since we could not
afford the equipment required to implement and test these schemes, these complicated
schemes were not tested. Further research on such techniques will hasten the deployment

of OCC for indoor positioning.

Though OCC was explored in detail, the photodetector based schemes are closer to com-
mercial adoption with the IEEE 802.11bb standard. The light antenna ONE from pure-
LiFi has been made available to original equipment manufacturers for testing. Once this
makes its way on to commercial devices such as smartphones, the interaction of both pho-
todetectors and cameras will need to be studied for robust and accurate indoor positioning
systems. This further opens the door for studying the simultaneous use of visible light
communication through photodetectors which allow for fast data rates while cameras al-
low for accurate visible light positioning owing to the directional information available
from cameras. The influence of functions such as handover on quality of service met-
rics can also be further explored. The proximal policy optimisation for hybrid LiFi and
WiFi indoor networks can be improved using the proposed simulation technique for test-
ing. The proposed simulation technique can be used to test the coverage provided for
different transmitter and receiver properties allowing for optimal modulation, transmit-
ter procurement and positioning. Current light panel positioning optimisation schemes
explore the effect of illumination, while the proposed simulation scheme can be used to

choose and place the light panels with the indoor positioning and communication needs.

The proposed WiFi positioning scheme improved on the current state of the art for build-
ing, floor and position estimation. This was proposed to aid quick implementation with-

out the need for painstaking fingerprinting covering large areas. However, in cases where
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the transmitter location is not available or not provided due to security concerns a drop
in positioning accuracy will be unavoidable. The initial model can be improved after
deployment using user data through federated learning[ 148, 149]. Further research into
the integration of federated learning with the proposed positioning technique would be
beneficial for both WiFi based positioning and VLP. With both the coarse and fine posi-
tioning techniques implemented, their integration through sensor fusion using other sen-
sors commonly available on smartphones can greatly improve the robustness, scalability,

speed and accuracy of indoor camera based VLP systems.
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