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Abstract

While the traditional communication technique with radio frequency is getting its
bottlenecks in terms of available spectrum and energy consumption, visible light has
attracted a lot of research attentions as a promising supplement of communication
medium, since it is ubiquitous and necessary in our daily lives. Known as a green tech-
nology, Visible Light Communication (VLC) piggybacking on existing lighting system
has been considered as a promising access technique for next-generation wireless sys-
tems (5G). However, whereas major research efforts in the field of VLC are pursuing
higher data rate, exploring the potential of VLC employing Commercial Off- The-Shelf
(COTS) devices and providing seamless connectivity for mobile users seem to be ig-
nored. To this end, in this thesis, we focus on developing a practical VLC system which
can offer roaming support for users with commonly handy devices, e.g. smartphones.
In the first part, we design and implement CeilingTalk as an LED-Camera VLC
broadcast system using COTS Light Emitting Diode (LED) luminaires as transmitters
and smartphone cameras as receivers so that it can be fully hosted in a smartphone
and is feasible for all possible indoor environments. CeilingTalk innovates in both
encoding and decoding to achieve an adequate throughput for realistic applications.
On one hand, it employs Raptor coding to allow multiple LED luminaires to transmit
collaboratively so as to benefit both throughput and reliability. On the other hand,
it presents a lightweight decoding scheme to handle the asynchrony (both spatial and
temporal) in transmissions. Moreover, we analyze the impact of various parameters
on the performance of CeilingTalk, in order to derive an analytical model for such
VLC systems enabled by COTS devices and hence provide general guidance for future
VLC deployments in larger scales. Finally, we conduct extensive field experiments to
validate the effectiveness of our LED-Camera VLC model, as well as to demonstrate

the promising performance of CeilingTalk: up to 1.0 kb/s at a distance of 5 meters.
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During we develop CeilingTalk, we notice that the lack of feedback from receivers in
LED-Camera VLC results in extremely difficult to offer seamless connectivity to mobile
users. We hereby exploit the sensing ability of an LED luminaire to detect user presence
so as to provide possible feedback for VLC. To evaluate the possibility using LEDs to
sense occupants, we innovate CeilingSee, a dedicated occupancy inference system free
of heavy infrastructure deployments and user involvements in the second part of this
thesis. In realizing CeilingSee, we first re-design the LED driver to leverage LED’s
photoelectric effect so as to transform a light emitter to a light sensor. In order to
produce accurate occupancy inference, we then engineer efficient learning algorithms
to fuse sensing data gathered by multiple LED luminaires. We build a testbed covering
a 30 m? office area; extensive experiments show that CeilingSee is able to achieve very
high accuracy in occupancy inference.

Finally, we propose RoCLight integrating CeilingTalk with CeilingSee to provide
seamless connectivity for mobile VLC users. We innovate in converting part of the LED
luminaires (already used as the VLC transmitters) into light sensors to have a proper
feedback channel for roaming support. By sensing the disturbance to the ambient
diffuse reflection change caused by user presence and mobility, RoCLight is able to
adaptively handoff its transmissions from one luminaire to another, so as to keep up with
user mobility and hence to offer an adequate roaming support. We implement RoCLight
as a small-scale testbed with five LED luminaires spanning a length of 7.5 meters, and
conduct extensive evaluations on the roaming support capability of RoCLight based on

this testbed; all our experiments strongly demonstrate its promising performance.
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Chapter 1

Introduction

With the development of communication techniques, the traditional Radio-Frequency
(RF) communication encounters its bottleneck in terms of scarce bandwidth and energy
consumption. Furthermore, the increasing of demands of data service and mobile traf-
fic is appealing to new paradigms to revolutionize the conventional RF communication
approaches. VLC, known as a spectrum-rich alternative to RF and ‘green’ communica-
tion method, is drawing the attention from both academic and industrial researchers.
In this thesis, we are focusing on extending the conventional VLC system to enable
handily practical applications driven by COTS devices, e.g. illumination LEDs and
smartphones. Meanwhile, we deeply exploit the sensing ability of LED transmitters
used in VLC. In particular, we leverage the photoelectric effect of an LED to real-
ize a promising approach for user detection so as to drive forward both sensing and

communication via visible light.

1.1 Background

As fourth-generation mobile communication systems are under large-scale deployment,
5th generation (5G) wireless systems are increasingly attracting attentions from both
manufactures and the scientific community [1, 2]. It is commonly agreed with that
the 5G and beyond systems will not only improve throughput, but also lower energy
consumption [3]. To this end, VLC is gaining great concern as an access technique
thanks to its higher system spectral efficiency, network capacity and low energy con-

sumption [4]. Taking advantage of visible light spectrum as the communication media
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has a long history that can be dated from 19 century, while using white LEDs for com-
munications is starting at the end of 20 century [5, 6, 7], and VLC has been possessing
the promise of extremely high data-rate and very low-cost for a few decades [8, 9].
Nevertheless, it is the boosting replacement of inefficient lighting by LEDs that has
greatly expedited the development of VLC as a complement to current wireless com-
munication. As energy efficient LEDs are turning into the ubiquitous lighting source
for both indoor and outdoor environments such as shopping malls and street buildings,
and they have a ready access to power/information networks, we now have a handy
infrastructure for implementing VLC-enabled wireless systems. However, whereas ma-
jor research efforts have been made to boost the capacity of VLC [10, 11] and enable
indoor localization [12, 13, 14] in a small-scale experimental room, harnessing the po-
tential of LED-VLC with COTS devices covering large indoor areas seems to be largely
neglected. Therefore, in this thesis, we aim to extend the VLC to practical applications
with roaming support for covering a larger space by only using COTS devices.

The first seminal work of [15], realizing a VLC receiver by only leveraging the rolling-
shutter effect of a Complementary Metal-Ozide-Semiconductor Transistor (CMOS)
camera on a smartphone, opens a new area of LED-Camera VLC using COTS de-
vices [13, 16], which revolutionizes traditional VLC systems based on customized light
sensors. However, the system built in [15] requires a plain surface for light reflect-
ing, which substantially confines the practicality in terms of communication range and
supporting mobile users. More generally, the individual LED luminaire in an LED-
Camera VLC system has very limited communication range comparing to the cellular
network scenario, thus roaming support is necessary to maintain wireless connectivity
upon user mobility and cover large space. Although a practical VLC system may not
need to support a full range roaming due to it is normally believed to be considered as
a location-based service provider, it at least has to ensure the continuity in receiving
messages when a user is wandering in a room-level area lit by multiple luminaires.

In [17], the authors proposed the concept of integrated VLC system combining scal-
able VLC networking and accurate sensing mobile users in the room. However, there
is still no real implementation of such a system. All other existing LED-Camera VLC
systems can only provide one-way communication, so it has made it nearly impossible
to support roaming as a feedback channel is obligatory for relaying the message be-

tween adjacent luminaires [9]. With the help of mature RF communication techniques,
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hybrid VLC-RF networks could rely on RF to offer a feedback channel for supporting
seamless connectivity in a VLC system [18, 19], which in turn enables further energy-
efficient optimization to be performed on the user-to-network association structure [20].
Nonetheless, a HetNet infrastructure incurs extra management and operation overhead,
so it may substantially confine the applicability of COTS-enabled VLC systems that

are meant to operate in a plug-and-play mode at places where RF may not be available.

1.2 Scope of Research

In this thesis, we aim to confront the aforementioned challenges in an LED-Camera
VLC system so that it produces a practical LED-Camera VLC system with roaming
support only relying on visible light as both communication and sensing medium. To
this end, we first re-visit the issue of implementing VLC-based broadcast using LEDs
as transmitters and smartphone cameras as receivers. We build an LED-Camera VLC
system, namely CeilingTalk, to develop a communication model to characterize this
LED-Camera VLC by extracting parameters from field experiments, and evaluate our
proposals on employing rateless codes to improve both reliability and the network
throughput through cooperative transmissions.

Subsequently, we exploit the sensing ability of LED luminaires to form a feedback
channel for roaming support in VLC, since it is extremely difficult to get feedback from
smartphone cameras to LED transmitters. As a result, we build our second testbed of
CeilingSee, an innovative Visible Light Sensing (VLS) prototype based on LED sensing.
We re-design the LED driver to convert an LED luminaire into a light sensor to detect
the presence of users, so as to potentially enable VLC transmitters to automatically
associate perceived users. Meanwhile, we make an attempt to develop CeilingSee as
a complete system to monitor indoor occupancy only applying ceiling-mounted LED
lighting systems.

To reach our final goal, we creatively integrate CeilingTalk with CeilingSee to gener-
ate RoCLight (Roaming in Connecting Light). In RoCLight, the system intelligently
tracks user location with the ceiling-mounted LED lighting system, and relays a commu-
nication session among neighboring LED luminaires upon user mobility and trajectory.

Our extensive field experiments show a high accuracy of user detection by LED sensing,
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and strongly demonstrate its effectiveness to form a feedback channel for supporting

roaming in an LED-Camera VLC system.

1.3 Contributions
In a nutshell, the following contributions have been made in this thesis:

e We develop and deploy a practical LED-Camera system, CeilingTalk, which
works perfectly under normal indoor scenarios. CeilingTalk innovates in both en-
coding and decoding to achieve an adequate throughput for realistic applications.
Moreover, we analyze the impact of various parameters on the performance of
CeilingTalk, in order to derive a model for such VLC systems enabled by COTS
devices and hence provide general guidance for future VLC deployments in larger
scales. We also introduce rateless codes to LED-Camera VLC systems to al-
low multiple LED luminaires to transmit collaboratively so as to benefit both

throughput and reliability.

e We propose the novel idea of applying ceiling-mounted LED transmitters for de-
tecting user presence, and further invent CeilingSee, a dedicated occupancy
inference system free of heavy infrastructure deployments and user involvements.
In realizing CeilingSee, we first re-design the LED driver to leverage LEDs pho-
toelectric effect so as to transform a light emitter to a light sensor. In order to
produce accurate occupancy inference, we engineer efficient learning algorithms

to fuse sensing information gathered by multiple LED luminaires.

e We design and implement RoCLight as a lightweight solution to provide roaming
support to LED-Camera VLC systems. We innovate in converting part of the
LED luminaires (already used as the VLC transmitters) into light sensors. By
sensing the disturbance to the ambient diffuse reflection caused by user presence
and mobility, RoCLight is able to adaptively handoff its transmissions from one
luminaire to another, so as to keep up with user mobility and hence to offer an

adequate roaming support.



Chapter 2

Literature Survey

In this chapter, we review the existing proposals involving the ‘green‘ technology of
using visible light as communication and sensing medium. We hereby survey the work
in both two branches refer to visible light: VLC and VLS. In particular, we highlight
researches about LED-Camera VLC systems which this thesis focuses on, and then
introduce the latest research in VLS. Finally, we dive into studying the related literature

about roaming support to VLC for mobile users.

2.1 Status of Visible Light Communication

We first introduce preliminary of a VLC system, and then survey the related work in

low rate VLC as well as their typical applications in this section.

2.1.1 VLC System Overview

Similar to all other communication systems, a typical VLC system consists of an LED
luminaire as transmitter and receivers. Especially, a complete LED luminaire contains
an LED lamp (consisting of multiple LED chips or beads), a driver circuit and other
components, e.g. ballast housing. As VLC systems are expected to piggyback on
the existing lighting infratrcuture, VLC transmitters, i.e. LEDs, should satisfy the
demand for white light illumination. There exist two ways to generate white light that
is universally used indoor and outdoor illumination applications by far. The former one
is producing white light by using a blue LED emitting blue light traversing through
a yellow coating [21]. The latter produces white light by proper mixing of red, green
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and blue light [22], yet it raises the cost and driving complexity of an LED luminaire
containing three separately colored LED chips compared to the former. Thus the
majority of commercial white LED luminaires are the blue LED with a phosphor for
illumination applications including the settings in this thesis.

The receiver in VLC has two typical types: a light sensor (photodetector) and cam-
era (image sensor). The light sensor converts the incident light into current directly so
that it easily samples the received light with a frequency up to tens of MHz [23, 24].
However, due to its vulnerability to the interference and unavailability on COTS de-
vices, light-sensor-based VLC systems are still not ready for realistic applications. Con-
sequently CMOS cameras have been proposed to use for VLC [25, 26]. It is obvious
that cameras can capture light with information since we use them to shoot pictures
or record video in our daily lives. Nevertheless, limited by the frame rate of a camera
sensor, typically no more than 40 fps (frame per second) for image sensor in a com-
mercial smartphone, it is hard to directly use the camera sensor to receive information
via modulated light. Very recently the rolling-shutter effect of the camera sensor, de-
tailed in following Sec.3.2, has been exploited and used widely in VLC to boost data
rate [14, 15, 27, 28]. Thus, in this thesis, we take our efforts on the novel and open

area of camera-based VLC system and its applications.

2.1.2 Screen-Camera Communication

As an important branch of camera based VLC, Screen-Camera Communication mainly
focuses on designing sophisticated coded images to boost data rate [29, 30, 31, 32, 33],
or to enhance link reliability [34, 35, 36]. To improve data rate, SBVLCD [29] and CO-
BRA [30] exploit advanced barcode design, PixNet [31] leverages efficient modulation
mechanism, SoftLight [32] employs channel coding, and NLE/LE [33] utilizes channel
equalization and nonbinary channel coding. Reliability is addressed in terms of either
frame synchronization [36] or barcode detection under a prolonged communication dis-
tance and device diversity [34, 35]. Moreover, recent studies intend to enhance the
viewing experience by hiding information in a given screen content without interfer-
ing communications. PiCode [37] integrates barcodes with existing images to reduce
the visual artifacts, while HiLight [38] avoids modifications on RGB values by utiliz-
ing the alpha channel to encode bits into the pixel translucency changes. To enable

Screen-Camera VLC on commonly commerical screens with low screen refresh rate,
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Table 2.1: Summary of Screen-Camera VLC Systems.

Capacity | Distance (m) Modulation/Coding
SBVLC [29] | 200 kb/s 0.17 Barcode
COBRA [30] | 172 kb/s 0.25 Barcode
PixNet [31] | 12 Mb/s 10 OFDM
SoftLight [32] | 317.3 kb/s 0.20 Rateless codes
HiLight [38] | 1.1 kb/s 0.27 BFSK
CSC [39] 16.67 kb/s 0.90 Spatial Visual Modulation

CSC [39] adopts a spatial visual modulation scheme and Gaussian-absed block design
to deliver a reasonable throughput. In most cases, Screen-Camera VLC only offers a
sub-meter transmission distance (unless a large screen is dedicated to serving as the
transmitter [31]), as briefly summarized in TABLE 2.1, thus substantially confining its

application domain.

2.1.3 LED-Camera Communication

LED-Camera Communication mostly exploits the rolling-shutter effect of a CMOS
camera on the smartphone. Unlike the high rate VLC where similar LED transmitters
are used, the bottleneck lies on the smartphone receiver, which is where innovations
can be made. Recent research [15] achieves real data rates up to 148 b/s at 20 fps.
However, it requires a second media, i.e. a plain surface, to reflect lights so as for the
camera to capture the banded images, making its practicality questionable. Further
research is made in [40], which employs the undersampled phase shift ON-OFF Keying
(OOK) achieving a data rate of 150b/s for a range up to 12 m with a lens. As an
important application of this type of VLC, Visible Light Positioning (VLP) [13, 14, 16]
make use of light as the only communication media to transmit location identifiers,
and this is further extended by RollingLight [27] to build a new LED-Camera VLC
system. Dynalight [28] attempts to analyze the impact of communication distance on
channel capacity and proposes a scheme which is able to maximize its channel capacity
w.r.t. transmitter-receiver distance. Color Shift Keying (CSK) is employed in Color-
Bars [41] to improve the throughput by utilizing tri-RGB LED luminaires. In [42] a
novel Polarized Light Intensity Modulation scheme is employed to largely extend the
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Table 2.2: Summary of LED-Camera VLC Systems.

Capacity | Distance (m) Error Correction
Seminal [15] 148 b/s 0.09 N.A.
CamCom [40] 150 b/s 12.00 N.A.
Luxapose [14] N.A. 6.00 N.A.
VLandmark [13] | 1.25 B/s 6.50 Hamming codes
HybridVLC [16] | 1.30 B/s 0.05 N.A.
RollingLight [27] | 11.32 B/s 1.60 Parity
Dynalight [28] N.A. 1.2 N.A.
ColorBars [41] 5.2 kb/s 0.03 Reed-Solomon codes
POLI [42] 34 B/s 5.00 N.A.
CeilingTalk 1.0 kb/s 5.00 Raptor codes

communication distance, but it achieves a very low data rate from their field experi-
ments. Nevertheless, all these proposals require either complicated modulation or heavy
decoding computations that may not be feasible for COTS devices to operate in a long
distance and/or scale-up scenario, and they treat several transmissions independently
rather than leveraging them for throughput/reliability enhancement. Our CeilingTalk
and RoCLight proposed in this thesis are designed to fill these gaps so as to make VLC
practical, and they significantly outperform the state-of-the-art RollingLight [27] and
ColorBars [41] in either throughput or transmission distance. We also aim to develop a
communication model to characterize this LED-Camera VLC system to offer universal
guidelines on realistic deployments of LED-Camera VLC systems. We summarize these

proposals in TABLE 2.2.

2.1.4 Visible Light Positioning

As an important branch of VLC, visible light positioning largely extends VLC’s appli-
cation and significantly improves the performance of VLC. Typically, VLP employs a
light sending location IDs and a receiver obtaining the IDs to infer user’s own position.
Liqun Li and Pan Hu et al. [43] present a novel sub-meter localization system exploit-
ing visible light communication, which encodes IDs via Binary Frequency Shift Keying

(BFSK) and receives the encoding message through an extra light-sensor attached on
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a smartphone. Further, Luxapose [14] improves visible light position by directly lever-
aging rolling-shutter camera on a smartphone to receive packets from LED luminaires
without extra sensors, in this paper, they also proposed an image-processing based
method to demodulate bits from banded images. A polarization-based modulation
method was proposed in [44], which is flicker-free to enable a low pulse rate visible
light communication. However, this polarization-based modulation not only needs to
attached extra Twisted Nematic (TN) liquid crystals on both luminaires and receivers,
but also suffers from very limited frequency due to crystals resulting very low data
rate in real. Besides, other variations of localization works based on VLC include [45]
leveraging both Received Signal Strength (RSS) and Angle of Arrival (AoA) and [46]
employing multiple tilted receivers to improve localization accuracy. Kown as very
high location accuracy and piggybacking on existing indoor illumination infrastruc-
ture, VLP is extremely extending the application of visible light communication, and

acceleratively boosting techniques improvement of VLC.

2.2 Visible Light Sensing

Extending VLC to VLS is a growing interest in improving human-computer interaction,
enhancing ubiquitous connectivity, and enabling human centralized VLC networking.
In [17], authors propose a novel concept of iVLC (integrated Visible Light Commu-
nication) illustrated in Figure 2.1. In such an iVLC system, ceiling-mounted VLC
transmitters emit modulated lights to illuminate a room and simultaneously transmit
a message to smart devices held by users, consequently users’ shadows cast on the floor.
Therefore, it is feasible to detect and track users by simply sensing their shadows with
floor-mounted light sensors. To this end, Lisense [47] is first proposed and implemented
to monitor human’s gestures by densely deploying light sensors on the floor. With the
similar idea in [47], a human identification system is presented in [48] by further exca-
vating users’ shadow information which inherently implies users’ body parameters, e.g.
shoulder width and arm length. StarLight [49] largely decreases the number of required
photosensors on the floor by optimizing sensor layout and data processing algorithms
so as to make it more practical. Besides monitoring human, a VLS-based user-mobile

interaction system, Okuli [50], is devised and realized by using a controlled LED and
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Figure 2.1: Concept of iVLC (integrated Visible Light Communication) [17]. LED lu-

minaires on the ceiling are integrated with power line communication (PLC) and transmit

message to smart devices carried by users. Light sensors on the floor capture the users’

gesture and movement. Image from [17].

two photodiodes to track the reflection caused by a user’s finger. Nevertheless, afore-
mentioned systems need controllable luminaires to actively emit modulated light, which
limits potential applications of VLS [51] due to the overwhelming majority of natural
and artificial light sources are passive light sources, such as the sun and fluorescents.
Hence, many researchers are increasingly interested in exploiting benefits of passive
visible light very recently. For example, PSync [52] and FLIGHT [53] use visible light
for time synchronization for IoT devices. LocalLight [54] can localize the object by
sensing distortion of ambient light caused by object’s shadow on the floor. Passive
light sensing is utilized for activity sensing in [55], where the authors co-locate light
sensors with light sources to observe the reflection changes in light level caused by
occupant’s activity. Further research on recognizing hand gestures via ambient light
is presented in [56] by employing a 3 x 3 array of photodiodes and advanced machine
learning approaches. A passive localization system which could track a car via ambient
light and passive VLC [57] is invented in [58], which drives conventional VLS/VLC with

modulated light to a new area of leveraging widely uncontrolled light sources. However,
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all existing researches require extra light sensor deployment, and ignore the important
sensing ability of LED luminaires in both existing VLS and VLC. Therefore, we intend
to realize a VLS system without special sensors but exploiting LED’s perceiving ability

of ambient light in this thesis so as to potentially extend both VLC and VLS.

2.3 Supporting Mobile Users in VLC

Maintaining seamless connectivity for both stationary and mobile users is essential for
wireless networks. VLC (a.k.a. free space optical wireless communication) is very dif-
ficult to provide mobile communications due to lack of constant Line-of-Sight (LOS)
communication channel between VLC transmitters and mobile terminals [59, 60]. Fur-
thermore, a lighting cell in VLC has a far smaller coverage comparing to RF femto-
cells [61, 62]. Consequently, hybrid systems integrating RF and VLC access technolo-
gies have been proposed to achieving seamless connectivity for mobile users [63, 64].
Meanwhile, some proposals have started to apply coordinated broadcasting with several
neighbor VL.C transmitters to extend the network coverage beyond a couple of square
meters under a single VLC transmitter [62, 65, 66]. Similar to traditional RF cellular
communication, handover scheme is also theoretically studied in VLC upon user mo-
bility to provide seamless connectivity when mobile users cross neighbor lighting cells
and evaluated by only simulation results [62, 67].

Nevertheless, it is still an open issue that how a certain transmission is handed
over from one transmitter to others upon user mobility. It is possible to serve user
mobility by combining RF with VLC [18, 19, 64] to form feedback channels through an
RF uplink. However, such a VLC-RF HetNet has two drawbacks: i) the complication
incurred in managing and operating such a system is non-negligible, and 2) it compro-
mises the inherent flexibility of COTS-VLC systems that should be deployable largely
independent of infrastructure support. As a result, we aim to devise and realize a
roaming supported VLC system solely upon a lighting infrastructure for both downlink

VLC and uplink mobility awareness.

11



2.4 Summary

2.4 Summary

In this chapter, we first investigate the system overview of a VLC system and related
literature on low rate camera-based VLC systems which this thesis focuses on. In
the second section, we highlight existing works on sensing via both active and passive
visible light, and obtain inspiration of innovating current VLS systems by LED sensing.
Finally we survey existing works which challenge the roaming issue in VLC for mobile
users. From those seminal works, we can see that either VLC or VLS systems are still
open for researchers albeit both are extensively exploited by our pioneers. Therefore
in this thesis, we attempt to make innovations in terms of both VL.LC and VLS to push
forward with implementing practical VLC/VLS systems.

12



Chapter 3

CeilingTalk: Lightweight Indoor
Broadcast Through LED-Camera

Communication

In this chapter, we re-study the issue of realizing VL.C-based broadcast using LEDs as
transmitter and smartphone cameras as receivers. On one hand, we present CeilingTalk
as a practical LED-Camera VLC system enabling LED-VLC using COTS devices. We
innovate both coding and decoding mechanisms to cooperate transmission among mul-
tiple adjacent lights, so as to boost throughput and improve the link reliability. On the
other hand, we build a model for such an LED-Camera VLC system to provide guide-
lines on future deployments of VLC systems. Based on the testbed of CeilingTalk,
extensive experimental results demonstrate the effectiveness of our LED-Camera VLC

model and the performance of CeilingTalk.

3.1 Introduction

Using visible light spectrum as the communication media has a long history that can be
traced back to 19th century, and VLC has been holding the promise of extremely high
data-rate and very low-cost for a few decades [8]. Nevertheless, it is the boosting mar-
ket of LED that has drastically accelerated the development of VLC as a supplement to
existing wireless standards (e.g., Wi-Fi). As LEDs are becoming the pervasive lighting

source for indoor environments such as shopping malls and office/residence buildings,
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and they have a ready access to power/information networks, we now have a handy in-
frastructure for implementing VLC-enabled wireless systems. However, whereas major
research efforts have been made to boost the capacity of VLC [10, 11] and to enable in-
door localization [12, 13, 14], harnessing the potential of LED-VLC using COTS devices
seems to be largely neglected.

Following the seminal work of [15], implementing a receiver applying the rolling-
shutter effect of a CMOS camera has become a de facto standard for LED-VLC using
COTS devices [13, 16]: only a customized light sensor may serve as an alternative
because light sensors in smartphones are optimized for dynamic range rather than
response speed [43]. So it appears to be a common belief that enabling LED-VLC using
COTS devices is an addressed problem. However, the system built in [15] requires
a secondary medium, a plain surface (to avoid interference from textures), for light
reflecting. While the Signal Noise Ratio (SNR) of such reflected VLC could be very
low in a well-lit room, the difficulty in finding a satisfactory surface in an indoor space
may substantially confine the practicality of such a system. Consequently, the validity
of the derived models and insights also become questionable.

In fact, VLC has quite a few advantages over existing wireless infrastructures (e.g.,
Wi-Fi and BLE) even without its high data-rate promise. First, the communication
infrastructure is virtually free due to the default lighting requirement of indoor spaces.
Secondly, the energy consumption of LED transmission is negligibly low as it is incurred
only by the control units. Last but not least, the location-bound communication abil-
ity of VLC meets perfectly the need from the long envisioned location-based service:
coupons or advertisements can be delivered exactly according to the users’ locations.
Practical VLC implementations using COTS devices may immediately bring these ben-
efits to us, while allowing for a better understanding of future VLC deployments from
theoretical and modeling perspectives.

In this chapter, we re-visit the issue of realizing VLC-based broadcast using LEDs
as transmitter and smartphone cameras as receiver. On one hand, we aim to build a
practical system that works perfectly under normal lighting conditions. We design a
coding mechanism that enables cooperative transmission among multiple close-by light
sources, and we also innovate in an efficient decoding scheme to handle the transmission

asynchrony. On the other hand, we intend to extract model parameters (e.g., which
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factors affect the data rate) and hence provide guidelines on future deployments of VLC

system. Our major contributions are:

e We build CeilingTalk as a practical wireless broadcast system, using common
LEDs as transmitters and smartphone cameras as receivers, without relying on

media other than the light itself.

e We are the first to employ rateless codes to enhance reliability and also to improve

the network throughput through cooperative transmissions.

e We also innovate in a lightweight decoding scheme that avoids intensive image
processing for tackling both spatial and temporal asynchrony in transmissions,

making it amenable to a full smartphone-based implementation.

e We develop a communication model to characterize this LED-Camera VLC by

extracting parameters from the experiments on CeilingTalk.

e We conduct extensive field experiments to validate the effectiveness of our LED-
Camera VLC model, as well as to demonstrate the promising performance of
CeilingTalk.

The rest of this chapter is organized as follows. We first introduce the important
preliminary of CMOS camera’s rolling-shutter effect in Sec. 3.2. Subsequently, we
illustrate the system architecture of CeilingTalk in Sec. 3.3 and analyze the factors
impacting system performance in Sec. 3.4. The extensive evaluations on CeilingTalk

are reported in Sec. 3.5. Finally Sec. 3.6 quickly summarizes this chapter.

3.2 Rolling-Shutter Effect of a CMOS Camera

Since the rolling-shutter effect of a CMOS camera is an important building block of
CeilingTalk, we briefly introduce its basics along with related terminologies before
diving into our system design. Suppose we have an LED luminaire emitting modulated
light (i.e., it turns ON and OFF according to a preset pattern) that is to be received
by a CMOS camera. The rolling-shutter effect of a camera, instead of exposing the
whole image at once, conducts the exposure in a column-by-column (or row-by-row)

manner: a column is exposed for T, before it is read out for T}, and the next column
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Figure 3.1: Rolling-shutter effect of a CMOS camera on a smartphone.

gets exposed T, after the previous one. When the luminaire is ON and a column is
exposed at the same time, the column is bright; otherwise it is dark. As a result,
the camera is sampling the intensity modulated signals with an interval T, and thus a
sampling frequency F,. = 1/7,, leading to a banded image that carries the information
sent by the luminaire. Here F). is known as rolling-shutter frequency; it actually bounds
the modulation frequency from above: as F, is often in the order of tens of kHz, the
supported modulation frequency is up to several kHz according to Nyquist Sampling
Theorem [68]. A graphical illustration is provided in Fig. 3.1. In reality, the camera
may expose and read out multiple columns at the same time, resulting in another
important parameter W,., or rolling-shutter width. Consequently, in a banded image
sampled by the camera, either the whole W, columns are bright or they are dark; this
further suggests that the width of each band should be a multiple of W,.. The detailed

relations between these parameters and the throughput shall be explored in 3.4.2.

3.3 System Architecture

CeilingTalk consists of two main components: COTS LED luminaires as stationary
transmitters to emit intensity modulated light and smartphones as receivers. A user

holding a smartphone may freely wander in the indoor environment and receive location-
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Figure 3.2: System architecture of CeilingTalk.

bound information from nearby LED luminaires, as illustrated in Fig. 3.2. In this sec-
tion, we focus on presenting our innovations in designing the coding/decoding mech-
anisms. In particular, we explain how we may combine several transmissions from
multiple luminaires to achieve higher throughput and reliability. And we also describe
an efficient decoding scheme that avoids computation intensive image processing for

handling both spatial and temporal asynchrony in transmissions.

3.3.1 A Hybrid OOK-PWM Modulation

CeilingTalk employs a hybrid modulation of On-Off Keying (OOK) and Pulse- Width
Modulation (PWM) as shown in Fig. 3.3. As the simplest modulation method, OOK
is universally employed on VLC, where the LED is switched ON or OFF to represent
data bits “1” or “0”, respectively. We further embed a high frequency PWM in each
OOK bit for dimming control: it allows the light intensity of an LED luminaire to
be adjusted without either causing flicker or interfering data transmission. We refer
to Sec. 3.3.5 for more details. As the PWM is supposed to be undetectable by the
rolling-shutter effect at the receiver, it runs at 80 kHz in CeilingTalk.

The packet structure in CeilingTalk is set according to Fig. 3.4. Each packet has a
preamble of bit string “111110” and it always ends with a single bit “0”. The Packet
Sequence Number (PSN) comes after the preamble and it is followed by the payload.
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Figure 3.3: OOK-PWM modulation: the combination of OOK-PWM effectively avoids

flicker and also allows for dimming control.

For bits in both the PSN and payload, CeilingTalk applies 4B6B Run Length Limit
(RLL) line coding [8] for its simplicity and absent of DC component. As 4B6B coding

guarantees no more than four adjacent “1” or “0” bits, the preamble generates the

widest bright band in the image and is hence easy to be detected as the indication of

the start of a packet. Note that the five adjacent “1” in the preamble would not cause

flicker. Within the duration of one packet, there are only 5 continuous bright bands out
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Figure 3.4: CeilingTalk packet structure: a packet consists of a preamble “111110”, up
to 8-bit PSN, 32-bit data payload, and a tailer “0”.
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of 67 bands in total. The flicker factor is thus too low to be discernable. Moreover, we

can adjust the duty cycle of PWM for the continuous bands to further alleviate flicker.

3.3.2 Encoding and Code Assignment

As LED-Camera VLC is normally unidirectional, a transmitter has no knowledge about
the reception status of a receiver. Therefore, a Forward Error Correction (FEC) scheme
has to be in place to combat the packet loss. Moreover, simultaneous transmissions from
multiple luminaires also call for an encoding mechanism that enables the transmitters
to cooperatively improve the throughput and reliability. To this end, rateless codes
appear to be an appealing choice, as it encodes k original packets into a potentially
infinite number of packets so that the receiver can successfully recover the original
packets by receiving any m > k encoded packets.

Among all rateless codes, Raptor code [69] comes with linear time encoding and
decoding, causing low computation complexity and decoding overhead. Therefore,
CeilingTalk adopts Raptor code and its implementation [70]. As shown in Fig. 3.5,
a set of intermediate packets are firstly derived from the original packets so that the
intermediate packets can sufficiently reconstruct the original ones. Repair packets are
then produced by applying LT encoding; each is derived by XORing a number of in-
termediate packets. The final encoded packets are the combination of the original and
repair ones. As CeilingTalk has no acknowledgement from the camera for the transmit-
ter to stop coding and sending, we regulate the transmitter to send out only n = 1.25k
encoded packets for every k original packets. Upon receiving slightly more k packets,
a receiver uses Gaussian elimination to start recovering the original ones.

As CeilinTalk relies on the lighting system to transmit packets, it has the opportu-
nity to leverage multiple close-by luminaires to perform cooperative transmissions for
improving both throughput and reliability. Imagine a simple scenario that a smart-
phone receives messages from two luminaires. Suppose we let the luminaires to work
independently, then either we waste the capacity of one luminaire if the message is sent
by only one luminaire or individual packets loss may ruin both messages if two lumi-
naires are transmitting. However, if we allow the two luminaires to cooperatively trans-
mitting, then we may either reduce the transmission time or let the two transmissions
complement each other using the Raptor coding. In fact, the reliability enhancement

is particularly useful when a user is moving. Nonetheless, the challenge here is how we
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Figure 3.5: Raptor coding and codes assignment.

assign the encoded packets to individual luminaires, so that every received packet from
any of luminaire can effectively contribute to decoding.

Suppose there are Ny, : N, < n luminaires in a cooperative domain, and they are
labeled as LEDg, LEDy, - -+ ,LEDx, —1. CeilingTalk currently adopts a cyclic assignment
scheme in which it assigns all the n encoded packets (codes) to each luminaire but in
a circular shift manner, as illustrated in the lower part of Fig. 3.5. In particular, we
set the offset of the i-th luminaire as o; = i[n/Np|,0 <i < Np — 1, then the sequence
numbers of the codes assigned to this luminaire is {0;,0;+1,--- ,n—1,0,1,--- ,0;, —1}.
Apparently, this assignment may increase the throughput by Ny, times if the reception
from each luminaire is perfect, and it certainly allows for quick compensations of lost
packets. In a large indoor facility, there can be multiple cooperative domains, and our
assignment scheme is applied individually to each of these domains. Since the luminaires
are all connected to the same power grid, Power Line Communication (PLC) [71] can

be used for scheduling transmissions.
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3.3.3 Pre-Decoding: Rol Extraction

Given a frame captured by a camera, only the banded sections in it contain information
to be decoded. Such an information-containing region is termed Region of Interest
(Rol) [72]. Due to the spatial asynchrony inherent to the transmissions, the location
of Rols within a photo is not known in advance. Though it is visually straightforward
to recognize these Rols, extracting them automatically is far from trivial. Existing
proposals [14, 27] resort to sophisticated Computer Vision (CV) techniques, introducing
such a high computational overhead that the computations have to be offloaded to a
cloudlet server [14].

Our innovative scheme makes use of the default function of the camera to produce
Rol masks so that the intensive image processing can be largely avoided. During a
continuous reception, the first frame of every p frames is exposed normally (e.g., 1/60s)
as shown in Fig. 3.6(a) and the rest are quickly exposed (e.g., 1/7500s) to obtain
Fig. 3.6(d). The first frame is then converted to a binary Rol mask for extracting the
Rols from the remaining p — 1 frames. As a normal exposure would over-expose the
luminaires, we convert the first frame to a binary one shown in Fig. 3.6(b) by setting
pixels with Y value (the luma component of YCbCr color space) exceeding threshold
Y; to “1” and otherwise to “0”; here Y; is normally set to 240 as the Y value for a
luminaire under the normal exposure is almost always 255. Then the algorithm builds
a rectangular contour for each cluster of “1” pixels to create the Rol mask shown in
Fig. 3.6(c). Obviously, the information to be decoded from the remaining frames can
only exist within these contours. As the frames are shot within a very short period
of time, we assume there is no tilting/shifting between the mark and the remaining
information frames. However, we are also on the way to design an gyroscope-assisted
algorithm to compensate for hand motions.

To establish a baseline, we also propose a CV-based Rol extraction scheme. Ba-
sically, each frame first goes through a Gaussian blur, and then the aforementioned
binary conversion (with a different threshold) and contour detection procedures are
used to extract the Rols. All these functions are carried out by using OpenCV for
Android, and this scheme is already a much simplified version of those used in [14, 27].

Obviously, the Gaussian blur procedure is both time and energy consuming.
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Figure 3.6: Lightweight Rol extraction: for each normally exposed frame (a), we convert
it to a binary frame in (b) and detect contours in (c¢), so that Rols in a quickly exposed

frame (d) can be extracted.

3.3.4 Demodulation and Decoding

The traditional demodulation methods often pre-determine a set of sampling times
and then compare the samples with a threshold (to distinguish bright and dark bands).
Whereas earlier proposals suggest using polynomial regression [15] to determine the
threshold due to low SNR, CeilingTalk (with a sufficient level of SNR) achieves a satis-
factory detection accuracy by simply setting the threshold as the average of the maxi-
mum and minimum pixel illuminance values within a Rol. Nevertheless, the blooming

effect of a camera (bleeding or smearing photons from saturated pixels to adjacent
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(a) Normal demodulation. b) CeilingTalk demodulation

Figure 3.7: Compare CeilingTalk demodulation with the normal one. (a) Normal demod-
ulation requires two preambles, and (b) CeilingTalk demodulates in for- and back-ward

directions starting from the preamble.

pixels) brings difficulty in determining the sampling times. For CeilingTalk, we make
demodulation decisions by reasoning on the widths of bright/dark bands. Given the
packet structure described in Section 3.3.1, we can only have four widths for white
bands and four for dark bands to be decoded after the preamble, namely Wry, ..., Wap
for bright bands and Wy, ..., W4 for dark bands, whereas the preamble has a signature
of Wsy,, where Wy, represents the width of one bright band and likewise for other sym-
bols. As the blooming effect diminishes with the number of consecutive bright bands,
we derive 5 possible relations between the symbol width W the aforementioned quan-
tities: 1) Wop < 2Whp, Woq > 2Wig, i) W = Wy + Wi, iii) 2W = Wy, + Way, iv) Wy,
or Wsq =~ 1.5W, and v) Wy, or Wy ~ 2W, where W = W, F,./F is determined by the
camera parameters explained in Section 3.2: F). is the rolling-shutter frequency, W, is
the rolling-shutter width, and F' is the working frequency of an LED luminaire.
Following the aforementioned reasoning, the demodulation algorithm scans through
the whole packet to recognize the widths of bands. A normal demodulation scheme
identifies and scans a packet as the region between two widest bright bands of width
Wiy, (roughly equal to 2.5W) as shown in Fig. 3.7(a). This would, however, sacrifice half
of the Rol length (hence halving the throughput) in the worst case given the temporal
asynchrony in transmissions: a packet could start anywhere within a Rol. Therefore,
CeilingTalk employs a bidirectional demodulation process as shown in Fig. 3.7(b): it
starts the scanning from a single widest bright band and collects all the bright and dark
bands in both forward and backward directions. All bright/dark bands are clustered
into 4 groups, namely Wy, /Wig, -+, Wyp/Waq. As there are at most several tens of

bands, the clustering can be conducted efficiently. Finally, starting from the widest
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band again, the bits are recognized in both directions until a predetermined number of
bits are decoded. This demodulating flow is shown in Fig. 3.8. We also give a concrete
example in Fig. 3.9 to demonstrate the demodulation procedure using a packet with 8
bits (12 RLL 4B6B bits) as an example. From the widest bright band, the bits obtained
in backward direction are “0001101” and the bits forward are “0011100”. As there are

12 RLL bits in total, we can combine the two sequences by removing the duplicate bit

u/ / Start )

|

Search widest
bright bands

~__— Preambles
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in the ROI
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NO ¢

A\W/
YES
Y No A\ 4
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Y
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A
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N End D,

Figure 3.8: Demodulation procedure flowing chart.
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Data bits 0001 overhead 0000

Figure 3.9: Demodulation procedure for an 8-bit packet.

“0” and obtain the complete packet as “001110001101” and then “00000001” after RLL
4B6B decoding.

After the demodulation, Raptor decoding procedure takes over with the knowledge
of the size of a packet and the number of original packets k. Upon receiving m = k(1+¢)
encoded packets (e = 0.15 is chosen to be the overhead of LT codes for CeilingTalk),
Gaussian elimination is used for decoding. As one frame may capture multiple Rols, the
decoder waits for all Rols to be demodulated and combines all received packets in one
frame for decoding, so as to reduce the decoding latency dramatically. As mentioned in
Sec. 3.3.2, this allows for almost immediate compensation of packet loss and a manyfold

increase in throughput.

3.3.5 Dimming

Dimming is an important requirement posed by IEEE 802.15.7. As mentioned in 3.3.1,
CeilingTalk can support wide range dimming duty cycle by its hybrid modulation. As
the duty cycle of OOK Dok is fixed given the defined packet structure, we can tune
that of PWM Dpwwy to meet a certain dimming requirement. Specifically, we can tune
the overall duty cycle D from 0 to Dook by embedding the PWM signal into OOK
“17:

D = Dook X Dpww, (3.1)

as shown in Fig. 3.3(a). To reach a full range of D, we can further embed the PWM
signal into OOK “0” so that the value of D can go all the way up to 100%:

D = Dooxk + (1 — Dook) X Dpww, (3.2)

as shown in Fig. 3.3(b). Obviously, making D too close to 0 or 100% can hurt the
SNR and thus the throughput, so a preferable range of D for CeilingTalk is from 10%
to 70%.
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Figure 3.10: The image quality with varying exposure indices. A higher exposure index

leads to a higher contrast but also a more severe blooming extent.
3.4 Performance Analysis

In this section, we analyze the performance-impacting factors and present the achievable

performance of CeilingTalk under realistic constraints.

3.4.1 Receiver-Camera Configurations

The major issue hampers the performance of CeilingTalk is the inter-symbol interfer-
ence caused by the blooming effect. Ideally, bright and dark bands should have the
same width and the demodulation should be trivial. However, the blooming effect
causes a bright band to leak into a neighboring dark band, resulting in irregular widths
in bands. While reducing exposure index may suppress this effect, it affects SNR too.
So we intend to verify the impacts of various combinations of LED illuminance and
camera sensitivity settings on both the SNR (contrast in the case of CeilingTalk) and
blooming effect.

We have three parameters at hand: illuminance, ISO and exposure time; they
control output of each pixel (sensor) by adjusting the incident light intensity, sensor
sensitivity, and time to receive photons, respectively. We vary the LED illuminance
from 153lux to 301lux (corresponding to those obtained at 1.5m distance with the
PWM duty cycle from 10% to 25%), the ISO sensitivity from 100 to 300, and exposure
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time from 1/7500s to 1/5000s, and the exposure index is proportional to the product
of illuminance, ISO and the reciprocal of exposure time. In order to unify contrast
and blooming effect into the same perspective, we normalize them before plotting the
results in Fig. 3.10. The normalized contract is computed as (Y, — Yy)/Ymax, with Yy,
Yy, and Y. being the luminance values of the bright band, the dark band, and the
camera specified maximum. We indicate the blooming effect by Wi, and compute its
normalized value as (Wi, — 0.5W)/(0.5W). Fig. 3.10 shows that, though the contract
increases with the exposure index initially, it quickly gets saturated. At the same time,
the blooming effect appears to grows linearly with the exposure index. In fact, when
we reach the highest exposure index, Wi reaches up to 32 pixels, almost occupying
its neighboring dark band. Apparently, the optimal exposure index should be right
before the saturation of the contrast, where the blooming effect is still well controlled.
Considering that the bands can be even narrower if the LED frequency is further
increased to enhance throughput, CeilingTalk could be more sensitive to the blooming
effect. Therefore, given a normal indoor illuminance between 200 to 700lux by standard
illumination requirement, we tune the PWM duty cycle to meet the requirement, while
choosing ISO as 200 and exposure time as 1/7000s in the office environment where
CeilingTalk is deployed and tested; more detailed justifications on these settings will

be presented in Sec. 3.5.2.

3.4.2 System Model

We hereby explain how we set the packet length packet (in particular the payload length
according to the structure specified in Sec. 3.3.2) and also derive the achievable bit rate
given several design parameters.

We first set up the relations between key system parameters and the admissible
packet length (thus bit rate), then we deduce their quantities based on the specific
devices adopted by our current implementations. Let us assume i) the LED transmitter
has length L long and works at frequency F', ii) the camera receiver has a focal length
fe, sensor width Sy, frame width I,,, column resolution P, rolling-shutter frequency
F,. and its corresponding width W, at given column resolution, and frame rate R, and
iii) the communication distance is less than d and there are Ny, transmitters within this

range, we have:
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e The projected Rol in a frame has the length of Lg, = %L sin(a,) < P,., where

¢ = felw/Sw and a, is the view angle.

. . LpolF P.F
e The number of OOK bits an Rol can cover should satisfy NV < [%J < Wor

e To ensure that an Rol can cover at least one complete packet under asynchronous
transmission, the packet size in data bits should satisfy Py,e < (N — 7)], where

n is the encoding efficiency of employed modulation scheme, e.g. n = 4/6 for

4B6B, and each packet has 7 bits of overhead.

e According to above analysis, we can bound the bit rate of the CeilingTalk as:

LpotF
C = NLRPy,e < NLR( {nx(‘;; —7)J)

< MR {n ) (M]jf; ) 7)J ) (3.3)

Now we can put these parameters into practical perspectives in order to check the
actual quantities of packet size and achievable bit rate of CeilingTalk. Given the rear-
facing camera of Nexus 6 as the CeilingTalk receiver, we have R = 30 fps and F, = 19
kHz as we measured, W, = 3 pixels (i.e., three columns are exposed at one time) under
a preview resolution of 1920x 1440, which allows us to derive ¢ = 2325 pixels. For the
front camera, the parameters are slightly different from the rear camera: W, = 4 pixels
and hence ¢ = 2007 pixels under preview resolution of 1024x768. As the working
frequency of LED can go up to a few GHz, the working frequency of CeilingTalk is
restricted mainly by the capability of the receiver, namely the rolling-shutter frequency
F,. of the camera.

Since we measured F,. = 19 kHz, we have to set F' < F,/2 = 9.5 kHz. We choose
F = 8 kHz for reliability purpose, which results in a symbol width W = 11 pixels at
preview resolution of the rear camera and W = 9 pixels at preview resolution of the
front camera. Apparently, the working frequency is set to meet the decodability at the
preview resolution, as we need some “guard pixels” to combat the blooming effect. In
an indoor environment, the ceiling is around 3 m from a hand-held smartphone camera
sitting right below it. Considering a 0 to 4 m horizontal distance, we have d,. = 5 m as

our maximum communication distance for the rear camera. As for the front camera,
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normally we hold the phone in parallel with the floor, thus we regulate dy. = 3 m as
the maximum communication distance for the front camera.

Substituting F' = 8 kHz and d,. = 5 m and df. = 3 m into earlier formulas, we
obtain suitable N < 78 for both rear and front cameras and thus maximum P, = 44
bits.As we need a few guard bits to combat tilting of the phone or Rol extraction
inaccuracy, we set the actual Psj,e = 40 bits. Therefore, CeilingTalk can offer a bit rate
of 1200 bps with one transmitter at the maximum communication distance, given the
frame rate R = 30 fps of the cameras, as summarized in TABLE 3.1 !. This bit rate
can be further improved by combining more transmitters and using the full resolution
of the camera. For example, if we have 6 transmitters within the communication range
and we use either front camera or rear camera for decoding, the bit rate can be boosted
to 7200 bps in theory.

For a single transmitter, there are other ways to improve the bit rate. According to
Eq. (3.3), reducing the communication distance can increase the bit rate in proportion.
Also, using a smartphone camera with a higher resolution and/or frame rate can also
proportionally increase the bit rate. For example, if we use iPhone 5s with a frame rate

120 fps, the bit rate can be tripled.

Table 3.1: System setting and achievable capacity

Rear-facing | Front-facing
Resolution || 1920 x 1440 | 1024 x 768
F 8 kHz 8 kHz
w 11 pixels 9 pixels
d 5m 3m
N 78 84
Fize 40 40
C 1200 bps 1200 bps

! Although the current prototype of CeilingTalk is using Nexus 6 as the receiver, it can be readily

extended to diversified smartphones and the parameters are set by the device with the lowest perfor-

mance.
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3.4.3 Practical Considerations

The above discussions assume rather ideal scenarios, but various interferences exist in a
realistic deployment. One may expect the ambient lighting to be a major interference to
CeilingTalk communications, but the fact is that ambient lighting only causes noticeable
noise if a light sensor is used as the receiver [43] or if the rolling-shutter sensing is applied
to some surface reflection [15, 16]. In our case, as CeilingTalk directly uses the LED
luminaires as the signal source, the SNR is so high that we can run a receiver with
an extremely short exposure time, suppressing the interference (ambient light “leaking
into” the Rols) to the largest extent. Therefore, the interference from ambient lighting
can surely be neglected for CeilingTalk.

Although CeilingTalk regulates each packet to be transmitted within periodic 33.3
ms time frames (i.e. the video frame length captured by the camera), missing packets
are inevitable due to varying inter-frame gaps and the gap jitter induced transmitter-
receiver asynchrony. Raptor codes show its advantage again in combating the asyn-
chrony: since the packet loss caused by inter-frame gaps (and their jitters) is about
5.6% as we measured, the overhead 25% that we use for Raptor encoding is sufficient
to generate repair packets for compensating the packet loss caused by varying inter-
frame gaps.

One major challenge CeilingTalk faces is user motion, in particular, hand micro-
motion caused by user mobility during data reception. As we have cooperative trans-
missions to handle the user mobility during a reception, we shall only focus on the
interference caused by hand micro-motion. Note that if a user totally moves out of
a cooperative domain, the reception will fail but this is indeed the purpose of Ceil-
ingTalk’s location-bound communication: the data service is location dependent.

For the hand micro-motion, we assume that its magnitude so minor that it does not
cause mis-capturing of the transmitters, which is reasonable for users with normal phys-
ical conditions. Therefore, the major problem caused by hand micro-motion is twofold:
on one hand, minor camera titling /rotating may distort the Rols extracted from the first
normal exposed frame, causing bit loss within an Rol. On the other hand, major camera
tilting may cause certain Rols un-decodable. While the minor changes can be compen-
sated by gyroscope-assisted geometric transformations, we certainly need to constrain

the major ones. Given a tilting angle «, we obtain the length of Rol (%L X cos(a).
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(b) The VLC control board and LED driver

Figure 3.11: A CeilingTalk transmitter.

. . . . LF—7
Consequently, the bit rate in Eq. 3.3 is constrained by C' < cos(a)NLR [77 X ‘ZWT jon J

In our current implementation, we choose Py, = 40bit that is 60 OOK bits subject
to N = 78 OOK bits, so the rotation angle should be less than arccos(60/78) ~ 40°
without incurring bit loss. Fortunately, we can let the application to alert a user for

such packet loss and hence rely on user assistance to improve the performance.

3.5 Evaluation

We report the evaluation results on our CeilingTalk testbed in this section. We first
explain the experiment settings, and then present the performance evaluations of Ceil-

ingTalk with respect to various parameters.

3.5.1 Experiment Settings

We build CeilingTalk transmitters with commercial LED strips [73] and self-developed
LED driver. Fig. 3.11 shows one such transmitter; it includes an LED luminaire, a
driver board, and a control unit. The LED luminaire is made of 16 LED strips each
containing 36 LED chips, hence a dimension of 120 cmx8 cm similar to a common

fluorescent luminaire. As this LED luminaire has a nominal drive current of 600 mA,
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Figure 3.12: CeilingTalk testbed: three LED luminaires are mounted on wall and ceiling

with an interval of 1.5 m, and the ceiling is 2.5 m above the floor.

we use low-cost transistors to build the driver circuit. To enhance the stability and
readability of the transmitter, optocouplers are employed between the control unit and
driver. In total, we deploy 3 such transmitters every 1.5 m in parallel in our lab, with
one on the wall and the other two on the ceiling, as shown in Fig. 5.9. The one on the
wall is deployed for performance evaluation at different transmission distances, while
the other two are meant to emulate a realistic setting. We use a Nexus 6 smartphone
as the receiver, with parameters specified in Sec. 3.4.2.

A message is divided into blocks, each contains k packets. Raptor code [70] encodes
at the rate of n = 1.25 x k. Given that the PSN field in a packet contains up to 8 bits,
each block can have at most 256 coded packets. The decoding overhead is set € = 0.15.
Each packet is transmitted repeatedly within a frame duration 33.3 ms.

For the dimming level setting, we vary the duty-cycle of PWM within its full range
and ask 15 volunteers to observe the LED luminaires for dimming changes and flicker.
We find that CeilingTalk’s OOK-PWM modulation scheme can support a full range
duty-cycle control, but when the duty-cycle is less than 3% , i.e. at very low dimming
levels, the flicker becomes observable. Given that very low dimming levels are rare in
the indoor environments, we fix the duty cycle of LED luminaires hereafter at 20%

(roughly 250 lux at 1.5 m distance, a level with which all volunteers feel comfortable)
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Figure 3.13: The impact of camera settings. (a) BER reaches the lowest at ISO from
200 to 400. (b) BER increases with the exposure time.

unless otherwise stated.

3.5.2 Camera Settings

In Sec. 3.4 we have analyzed how to choose the exposure time and ISO of the camera to
strike a balance between high contrast and low blooming effect. Here we focus on the
impact of camera setting on Bit Error Rate (BER) and Packet Error Rate (PER); both
of them take the missing frames into account. In Fig. 3.13, we use Root Mean Square
Error (RMSE) to measure the fluctuation in the widths of the bands. It indicates the
difference between the widths of all detected bands and the widths of bands leading
to accurate bit decision. RMSE has the direct impact on BER because the width of a
band serves as the criterion for decoding. In Fig. 3.13(a), we fix the exposure time at
1/7000 s, the LED duty cycle at 20%, and communication distance at 3 m. With ISO
varying from 100 to 600, RMSE and BER first decrease as the contrast is enhanced and
then degrade as the blooming effect causes more irregular widths of bands. Fig. 3.13(b)
illustrates how the exposure time affects the performance. We fix the ISO at 200 and
other parameters as before. Due to the same reason of blooming effect, RMSE and
BER remain stably low at short enough exposure time and then increase when the
exposure time exceeds 1/6000 s. The result confirms to our analysis in Section 3.4.

Therefore, CeilingTalk by default sets ISO at 200 and exposure time at 1/7000 s.
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Figure 3.14: Channel properties under stationary scenarios. The channel is stable un-
til the communication distance goes beyond 5 m and 3 m for rear and front cameras,

respectively.

3.5.3 Channel Property

We first evaluate the channel properties with the camera fixed at a stationary position.
In Fig. 3.14 we measure the channel properties in terms of BER and PER at different
communication distances from 1.5 m to 5.5 m for the rear camera and from 1 m to 3.5
m for the front camera, and we also compare the performance of our Non-CV-based
decoding method with the baseline CV-based decoding. We observe that both BER
and PER stay at a low level regardless of the increasing communication distance until
the d > 5 m for rear camera and d > 3 m for the front camera, respectively. At d = 5.5
m and d = 3.5 m, BER and PER of both rear and front cameras dramatically increase

because the captured Rol becomes too small to cover Piize, thus causing non-negligible
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Figure 3.15: Channel properties under mobile scenarios. Both BER and PER stay at

around 1073 when users moving within a reasonable communication range.

decoding failures. Moreover, the performance in terms of BER and PER of the two
decoding methods appear to be very similar, proving the superiority of our Non-CV-
based method: the computation time is about 9 ms in our case, whereas the baseline
CV-based method takes about 30 ms to complete.

We then evaluate the channel properties under mobile scenarios. We only use the
CV-based decoding here due to drastic changes in the camera position. This experi-
ment is conducted by two users. They hold the smartphone and walk arbitrarily within
the communication range with different speed, while guaranteeing that the camera can
always capture the targeted LED luminaire. During the experiment, the accelerometer
on the phone is turned on to monitor the average walking speed. Fig. 3.15 shows that
the BER and PER under mobile scenarios are comparable to (albeit slightly lower than)
those of stationary scenarios, confirming the robustness of CeilingTalk against mobil-
ity. Both these two experiments allow us to conclude that CeilingTalk provides stable
channels with very low BER/PER (~ 10~?) within a reasonable communication range
for both rear and front cameras. Note that the non-monotonic trends of BER/PERs
shown in both Fig. 3.14 and Fig 3.15 can be attributed to the non-uniformity in per-
forming different sets of experiments. Therefore, we should interpret the results as

roughly constant BER/PERs within a reasonable d.
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Figure 3.16: Latency vs. luminaire number with front camera. The improvement in terms
of latency grows with the luminaire number.

3.5.4 Throughput and Latency

In this section, we evaluate the benefit of using Raptor codes in terms of throughput
and latency, by comparing CeilingTalk with a baseline Non-Encoding mechanism that
simply sends the set of k original packets assigned to individual luminaires in a circular
shift manner. The latency is the elapsed time from when the camera starts to receive
data to when it recovers (for CeilingTalk) or receives (for the baseline mechanism)
all original packets. In an LED-camera communication session, the latency is deter-
mined by the frame rate of the camera since the frames are taken about every 33.3 ms
that dominates other factors such as decoding computations. Therefore, the latency

is approximately proportional to the numbers of camera frames needed for successful
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Figure 3.17: Latency vs. luminaire number with rear camera. The improvement in terms

of latency grows with the luminaire number.

decoding. The throughput is computed as the total bits of the k packets divided by
the latency. We conduct the experiments with & = 77 and k£ = 153 to evaluate how
CeilingTalk performs under different k values.

We first evaluate the performance of CeilingTalk under stationary scenarios as ex-
plained in Sec. 3.5.3. The achieved latency by front and rear cameras is plotted in
Fig. 3.16 and Fig. 3.17, respectively. The achieved throughput by front and rear cam-
eras is plotted in Fig. 3.18 and Fig. 3.19. We can observe that both metrics get improved
proportionally to the number of luminaires, and the throughput of both front and rear
cameras can reach 3.0 kbps roughly with 3 luminaires. In fact, the rear camera of

CeilingTalk has the potential to capture at most 6 luminaires in one frame, so it can
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Figure 3.18: Throughput vs. luminaire number with front camera. The improvement in

terms of throughput grows with the increasing luminaire number.

offer a throughput beyond 6.0 kbps.

We can also observe that, CeilingTalk brings more significant improvement when
k = 153 than that when k = 77 compared with the baseline mechanism. As shown
in Fig. 3.18 and Fig. 3.19, the gain of CeilingTalk over Non-Encoding mechanism rises
from about 50% under k = 77 to about 80% under k = 153 with one luminaire and 50%
to almost 100% with three luminaires. Therefore, the improvement also grows with k.
This significant improvement stems from the increased packet loss rate under a larger
k, for which the benefit of Raptor coding becomes more evident.

We also perform evaluations under mobile scenarios where we deliberately let the
phone cameras of two users (A and B) mis-capture one or two luminaires from time to

time, and the results are reported in TABLE 3.2 and TABLE 3.3. We have almost the
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Figure 3.19: Throughput vs. luminaire number with rear camera. The improvement in

terms of throughput grows with the increasing luminaire number.

same observations as those under stationary scenarios that CeilingTalk outperforms
the baseline mechanism and the benefit grows with increasing k. In TABLE 3.3 user A
with rear-facing camera and k& = 77 obtains an average throughput 2.05 kbps with Ceil-
ingTalk but only 0.83 kbps otherwise, while user B obtains 1.96 kbps against 0.73 kbps
otherwise. TABLE 3.2 shows the similar performance by using front camera. There-
fore, these results again confirm the benefit of employing Raptor codes for enhancing

reliability.
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Table 3.2: Performance under mobile scenarios using front camera

CeilingTalk Non-Encoding
k Latency | Throughput | Latency | Throughput
77 (A) 1.68 s 1.84 kbps 4.67 s 0.66 kbps
77 (B) 1.77 s 1.75 kbps 5.21 s 0.59 kbps

153 (A) 3.89 s 1.57 kbps 17.74 s 0.35 kbps
153 (B) | 4.13s 1.48 kbps 15.88 s 0.39 kbps

Table 3.3: Performance under mobile scenarios using rear camera

CeilingTalk Non-Encoding

k Latency | Throughput | Latency | Throughput
77 (A) 1.50 s 2.05 kbps 3.73 s 0.83 kbps
77 (B) 1.58 s 1.96 kbps 4.21 s 0.73 kbps
153 (A) 3.43 s 1.78 kbps 13.38 s 0.46 kbps
153 (B) 3.34 s 1.83 kbps 12.37 s 0.49 kbps

3.5.5 Power Consumption

The power consumption of CeilingTalk has two parts: the consumption of LED control
board and that of a camera for frame capture and decoding. Since CeilingTalk utilizes
an existing lighting infrastructure as transmitters, the consumption of the communi-
cation front-end (the luminaires) is actually zero. The real consumption is caused by
receiving data from Ethernet or PLC backbone, as well as the encoding computations.
Our field experiments show that the driver of CeilingTalk has a power consumption of
40 mW, but this consumption appears to be constant regardless of encoding computa-
tions, suggesting that it is mainly the consumption of driving light emission (the default
function of a luminaire). Therefore, we can conclude that the tx power consumption
of CeilingTalk is negligible. As for Wi-Fi, existing Wi-Fi routers consume at least 800
mW according to [74, 75].

The receiver of CeilingTalk does lead to a rather high power consumption due to the
use of image sensors. According to [76], the image sensor undergoes two states within a
frame duration T'frqme, i.e. active mode and idle mode. Given the duration and power

for the two modes per frame, i.e. Tyctive, Pactive, Lidie and Pjgie respectively, the power of
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Table 3.4: CeilingTalk vs. Wi-Fi: Comparison of Power Consumption.

Transmitter (mW) | Receiver (mW) | Total (mW)
Ceiling Talk ~0 <103 [76] <103
Wi-Fi >800 [75] 50 [77] >850

CeilingTalk is formulated as P = (PyctiveTactive + Pidie Tidie) /T frame- In our case, based
on our understanding of the information provided by Sony, we calculate Pyetive ~ 183
mW, Tyerive = N/ f where N is the resolution and f > 338 MHz is pixel rate, Pig =~ 77
mW, Tigie = Ttrame — Tactive a0d Ttrame = 33 ms. With N = 1024 x 768 used by CV-
based Rol extraction and N = 1920 x 1440 used by lightweight Rol extraction, we
obtain the power P < 8 mW and P < 103 mW respectively. However, by using
aggressive standby mechanism which lets the image sensor work in standby mode when
no operation is performed [76], Tjqi goes down to Tegposre = 1/7000 s so that P drops to
P =~ 20 mW and 51 mW respectively. Moreover if optimal clock scaling is adopted, the
power can be reduced further. Wi-Fi appears to be more efficient at the receiver side by
consuming slightly more than 50 mW for data reception [77], so the receiver side energy
consumption is a major limitation of CeilingTalk. We summarize these quantities in
Table 3.4. In fact, as a data service, the transmitter side may constantly consume energy
while the receiver side only causes consumption intermittently. Therefore, CeilingTalk

is much more energy efficient than Wi-Fi in terms of the overall system consumption.

3.6 Summary

In this chapter, we have presented CeilingTalk as an LED-Camera VLC system. It inno-
vates in both encoding and decoding schemes to improve link reliability and throughput,
so that it allows us to have the first realistic LED-Camera VLC deployment, and it
also provides us with practical insights on how such systems should be configured to
reach its maximum capacity. Extensive field experiments have shown that our system

can achieve a throughput much higher than a recent experimental prototype [27].
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Chapter 4

CeilingSee: Device-Free
Occupancy Inference through

Lighting Infrastructure Based
LED Sensing

In Chapter 3, we present CeilingTalk to verify the communication ability of LEDs
as energy-efficient VLC transmitters. Its sensing ability has long been neglected albeit
some researchers have used one single LED bead/chip as both transmitter and receiver
in bidirectional VLC for short-distance communication. In this chapter, we intend to
exploit the sensing ability of one practical LED luminaire with multiple LED chips to
detect the presence of occupants, thus we build CeilingSee as a device-free occupancy
inference system to detect the presence of occupants under LED luminaires and infer
indoor occupancy. The contributions of CeilingSee are twofold: first it can work in-
dependently to monitor indoor occupancy as presented in this chapter. Second it can
significantly extend a VL.C system by offering perception ability of VLC transmitters to
automatically associate users and relay a communication session, and it will be detailed

in the following Chapter 5.
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4.1 Introduction

The awareness of (indoor) occupancy is crucial to many aspects of smart building
management; these include, among others, controlling the HVAC (Heating, Ventilation,
and Air Conditioning) and lighting systems for the sake of energy conservation, choosing
the right information service based on congestion level, as well as safely evacuating
people under life-threatening circumstances. In the past two decades, various smart
sensing technologies have been dedicated! to infer occupancy for indoor facilities, and
most of them require deploying certain sensing infrastructure with mainly three typical
sensors: passive infra-red (PIR) [81, 82, 83, 84|, acoustic/ultrasonic [85, 86, 87|, and
camera (84, 88, 89, 90]. Other solutions attempt to infer occupancy indirectly by
monitoring the usage of existing services (e.g., Wi-Fi [91] and power grid [92]). Whereas
the former method requires installations of extra sensor infrastructure and hence incurs
both high costs for building management and potential infringement of user privacy,
the latter approach can hardly be accurate: what if some occupants simply do not use
any services?

Our key observation is that, in any human occupied indoor spaces, lighting is a
necessity while the resulting diffuse reflection can be “perturbed” by the presence of
occupants. At the meantime, VLS, as a variance of heavily studied VLC [27, 93, 94,
95], has started to show its potential in many sensing-intensive applications [14, 47].
Therefore, a natural question is: can we apply VLS to build an occupancy inference
system that is free of reliance on both heavy infrastructures and user involvements? In
this chapter, we intend to provide readers with a positive answer through our CeilingSee.

The first idea of CeilingSee is very intuitive: from the ceiling point of view, the
diffuse reflection (consisting of main reflections from the floor and variously fixed fur-
niture on the floor) is bounded to be affected by the presence of occupants. Therefore,
sensing such perturbations could allow us to infer occupancy. While simply installing
an array of light sensors on the ceiling could be a solution, it would introduce yet an-
other infrastructure. Fortunately, the increasing popularity of LED lighting systems
and the readily verifiable photoelectric effect of LED [94, 96] have motivated our novel
idea: re-designing the driver of a COTS LED could enable it to serve as both a light

Though occupancy information can be derived from an indoor localization system (e.g., [14, 78,
79, 80]), few practical indoor localization systems have been widely adopted so far. Moreover, relying

9

on user location tracking to “count” occupancy is highly inefficient and may infringe privacy.

43



4.1 Introduction

LED Array LED Arra
- y
SR \AZD

(a) Sensing coverage of LED array. (b) Occupant under the coverage.

LED Reading (V
o
S

0 5 10 15
Time(s)

(c) Variances in LED readings due to absence/presence of occupant.
Figure 4.1: Inferring occupancy by LED sensing.

emitter and a light sensor. Consequently, CeilingSee simply leverages the existing LED
lighting systems and borrows a fraction of LED chips to sense the variance in diffuse
reflection. We illustrate these ideas in Fig. 5.1; it clearly demonstrates the potential
and effectiveness of VLS-based occupancy inference.

The seemingly straightforward ideas of CelingSee impose on us two major chal-
lenges. Firstly, although conventional LED-to-LED communication [94] has already
employed an LED as a receiver (a special form of the sensor), sensing the variance in
diffuse reflection is much more challenging due to the very low SNR, hence it necessi-
tates using the collective sensing ability of multiple LED chips. Existing LED receiver
directly connects an LED chip to the I/O port of an MCU, thus relying on the con-
trollable nature of the I/O port to toggle the states of the LED between forward biased

(emitting or sending) and reverse biased (sensing or receiving). Unfortunately, this
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would not work when multiple LED chips are used together, as the voltage/current
would exceed what an I/O can take (normally no more than 3.3V/20mA). As a result,
we design a novel circuit for accommodating the collective photoelectric effects of an
LED array.

Secondly, as the sensing coverage (a.k.a., FoV)) of a single LED array (consist-
ing of multiple “sensitized” LED chips) is limited, we have to use multiple arrays to
cover a large indoor area, which happens to be in line with the lighting requirement.
Moreover, CeilingSee needs to account for multiple occupants dispersed on the area,
especially those not strictly under of an LED array. Therefore, it is necessary that ef-
ficient inference algorithms are in place to utilize the collective sensing outcomes of all
LED arrays. CeilingSee responds to this challenge by engineering a machine learning
algorithm that maps the multi-dimensional sensing data to the demanded occupancy
count. To validate our design of CeilingSee, we build a testbed consisting of multiple
LED arrays in order to cover a 30 m? office area. We implement the hardware part
for controlling the LED arrays, as well as the software part for sensing data processing

and hence occupancy inference. Our main contributions are as follows:

e We propose the novel idea of applying ceiling-mounted LED lighting systems
for inferring occupancy, and we build CeilingSee to showcase the efficiency and

effectiveness of this lightweight occupancy inference approach.

e We re-design the driver of a COTS LED so that CeilingSee can freely toggle an
LED between light emitting and light sensing modes and a group of LEDs can

be collectively used for sensing the variance in (indoor) diffuse reflection.

e We engineer data processing and machine learning algorithms to deduce the oc-
cupancy within the FoV of an LED array, and to infer full area occupancy by

fusing the multi-dimensional sensing outcomes from all arrays.

e We conduct extensive field experiments in the past six months to validate the
effectiveness of CeilingSee, and the results strongly demonstrate its high accuracy

in occupancy inference.

We are not expecting CeilingSee to fully replace the existing occupancy inference
solutions. Instead, we deem the technical implication of CeilingSee as twofold: i) it is an

avatar of a VLS-based idea that minimizes the resource required for inferring occupancy
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Table 4.1: Comparing CeilingSee with existing solutions for occupancy inference.

Sensor Infrastructure| Privacy | Accuracy Cost Limitation

Type reuse Concern

Ultrasonic | No No >90% | Medium | Need prior maxi-
[87] mum and distribu-

tion of occupants.

Thermal No No 88.5% Medium | Extra sensors.
Sensor &

PIR [83]

Camera [89] | Possible Yes 80% High | Heavy computa-

tion, re-calibration

based on dimming.

Camera & | Partial Yes 94% High Heavy  computa-

PIR [84] tion, re-calibration
based on dimming.

Photosensors| No No N/A Low Extra sensor, re-

[55] calibration  based
on dimming.

LED (Ceil- | Yes No > 90% Low Re-calibration

ingSee) based on dimming.

and may thus inspire other applications of VLS, and ii) it serves as a complement
to other solutions for improving the efficiency and scalability of occupancy inference
systems. We comparing CeilingSee with typical existing solutions in Table 4.1. In the
following, we first introduce the principle of LED sensing, along with the design and
experience with a single sensing unit of CeilingSee in Sec. 4.2. Then we present our
learning-based occupant inference algorithms in Sec. 4.3. We report the performance

evaluation of CeilingSee in Sec. 4.4 and conclude this chapter in Sec. 4.5.

4.2 Sensing Reflection by LED

Lighting systems are pervasively deployed and used for indoor spaces due to the in-
adequate natural lighting from windows, especially when space has limited access to
day light. Such lighting systems are normally ceiling-mounted and hence cause diffuse

reflections from the floor (including various furniture on it), which is biased towards the
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Figure 4.2: Conventional bidirectional interface between LED and MCU. (a) Normal I/O
configuration for light emitting. (b) Reverse bias for light sensing. (c) I/O as input for

reading sensed signal.

ceiling due to the blending with minor specular reflection. When occupants move into
this “reflection field”, they can cause perturbations readily sensible by certain ceiling-
mounted light sensors. To avoid introducing an extra sensing infrastructure, our idea
is to re-use part of the existing LED lighting system to serve the sensing function.

It is well known that LED has photoelectric effect, i.e., light shining upon an LED
can cause it to emit electrons, which is a reverse effect of LED’s default functionality
[97]. This effect has motivated a few proposals to use an LED not only as a sender
but also as a receiver in VLC [94, 96]. However, converting an LED receiver to an
LED sensor is almost impossible as the light signal sent by an LED has a much higher
SNR than the variance in reflection. Moreover, as we only “borrow” part of the LED
lighting system for the sensing purpose, we want to toggle the LEDs between light
emitting and light sensing modes when either is in need. Therefore, we present the
details of CeilingSee’s hardware implementation in this section, aiming to address the

aforementioned issues.

4.2.1 From LED Receiving to LED Sensing

We briefly describe the conventional design of an LED receiver, and then we explain

why and how the design of LED sensing for CeilingSee should be different.
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4.2 Sensing Reflection by LED

4.2.1.1 Bidirectional Setting of LED Receiver

In a conventional design for light receiving in the LED-LED communication, a bidirec-
tional interface to an LED is created by connecting the LED directly between the two
I/0O pins of a micro-controller (MCU) [96], as shown in Fig. 4.2. Fig. 4.2(a) shows that
the LED emits lighting when its anode and cathode are connected to VCC and GND,
respectively, via a simple I/O configuration. Reverting the I/O configuration sets the
LED in reverse bias mode as in Fig. 4.2(b); it charges the inner stray capacitance of
the LED and prepares the LED for light sensing. Fig. 4.2(c) further illustrates the
actual measurement phase: MCU reads the voltage changes on LED’s cathode and
times how long it takes for the photocurrent to discharge the capacitance to the I/0O
pin’s digital input threshold, as the discharging time is inversely proportional to the
amount of incident light. The simplicity of this LED receiving circuit stems from the
matching voltages between an MCU and an LED, which does not work if one wishes
to drive more LEDs with one MCU.

4.2.1.2 Collective Sensing with Multiple LEDs

Compared with the LED-LED communication, the signal for our reflection sensing

1 As a result, if we used the same circuit as described in

scenario is much weaker.
Section 4.2.1.1, we would either fail to sense the signal due to the too weak photocurrent
or experience a huge sensing delay thanks to the long discharging time. Whereas using
multiple LEDs to collectively sense the weak signal appears to be a straightforward
solution, the much higher voltage level caused by aggregating multiple LEDs renders
the existing I/O-based circuit design invalid. Also, reverse biasing an array of LED is
almost impossible for a normal MCU with limited absolute maximum voltage.?
Therefore, our intention is to use an LED array as one light sensing unit without
the need for reverse biasing it. According to the LED’s equivalent circuit model [96],

an LED can be deemed as a current source with a shunt capacitor, while the current

source is driven by incident light to generate tiny photocurrent. Whereas the current

!The signal could also be weaker in LED-LED communication if the transmission distance goes
beyond the centimeter testing scenarios in [94, 96]. As a practical sensing system, CeilingSee has to
work under a “transmission distance” (that from floor to ceiling) of several meters.

2Though this could be made possible by using special high-power components, e.g. high reverse
voltage MOSFET, the high cost would compromise our purpose of building a lightweight occupancy

inference system.
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Figure 4.3: Architecture of the LED array driver. (a) Circuit schematic. (b) The equiv-
alent circuit during light emitting. (c) The equivalent circuit for discharging. (d) The

equivalent circuit during light sensing.

produced by one LED is too weak to be measurable (even through an amplifier), the
aggregated current of the LED array (with a sufficient amount of LEDs) would suffice
for the sensing purpose.

Based on the aforementioned ideas, we re-design the driver of COTS LED lumi-
naires to control the LED state toggling, so that CeilingSee can duty-cycle part of the
luminaire between light emitting (for normal lighting) and light sensing (for occupancy
inference). Fig. 4.3 shows the architecture of this driver circuit and also its function-
alities under different modes. The five switches in Fig. 4.3(a) are key components for
the driver. The LED array emits light (lighting phase) if both S1 and S2 are ON and
other switches are OFF, as shown by Fig. 4.3(b). Subsequently, Fig. 4.3(c) shows a
short discharging window that allows residual charges on the array to be cleared for
preparing sensing (discharging phase), by putting S3 ON while others OFF. Finally,
switching S4 and S5 ON and others OFF enables the array to act as a light sensor

(sensing phase): the resistor Rs (> 10MQ) converts weak photocurrents to voltage sig-
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Figure 4.4: Duty-cycled control signal sequence for toggling between lighting and sensing.

nals that drive amplifiers to produce sensing outcome. We also show the duty-cycled
control sequence of different switches in Fig. 4.4: to prevent short circuit, a dead-time

should be inserted between two consecutive phases.

4.2.1.3 Design Details of the LED Driver

We elaborate on two key components of the driver here, namely discharging circuit and
amplifier circuit.

Discharging Circuit. During the lighting phase, the inner capacitance of the LED
array can be partially charged and the charging level cannot be controlled; this could
interfere the sensing phase as the photocurrent produced by incident light is tiny. To
this end, the discharging circuit is particularly designed for preparing the sensing phase
without the need for reverse biasing the LEDs. It consists of a switch and a bleeder
resistor shown in Figure 5.2(a). The discharging phase between the light and sensing
phases can be very short (normally 100us); it quickly clears the residual charges so as
to get a clean start for the sensing phase. The switching from the lighting phase to
discharging phase has to be strictly controlled by MCU with a dead-time in-between
(another 100us), otherwise the driver can be damaged due to short circuit.

Amplifier Circuit. During the sensing phase, the photocurrent excited by the inci-
dent light is converted to weak voltage signal by Rs, which needs to be amplified before
being sampled by the ADC of MCU. Figure 4.5 shows the detailed schematic of the
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Figure 4.5: Amplifier circuits. The voltage difference between the cathode and anode of
the LED array is firstly extracted by a differential amplifier. Then the differential signal
is further amplified before sampled by ADC.

amplifier circuit; it consists of a differential amplifier with fixed-gain and an inverting
amplifier with adjustable gain. The differential amplifier is used to amplify the volt-
age (difference) between the cathode and anode of the LED array; its output can be

approximated as:
R4

ﬁv
where Vigp+ and Vigp- are the voltages of the LED array’s cathode and anode,

Vout1 = —(VLEp+ — ViED-) X (4.1)

respectively, and V1 is the output of differential amplifier.
The adjustable gain amplifier circuit includes a high gain inverting amplifier and
an adjustable resistor R7. As a result, we have an adjustable output Vapc expressed

as (4.2), which is in turn related to the light excited voltage by (4.3).

R7
= ~—Vou 5 4.2
Vapc Vout1 X RS (4.2)
R4 RY
Vabc = (Viept — Viep-) X op % RE" (4.3)

4.2.2 Experiencing Single Sensing Unit

Fig. 4.6 shows one sensing unit of CeilingSee; it consists of an 8 x 12 LED chip array
[73] and a PCB carrying our re-designed driver. We separate the chips into two groups
and duty-cycle them in a complementary manner to perform both lighting and sensing
simultaneously while avoiding flickering. Currently, we toggle them at a long switching
period (every 10 minutes) between lighting and sensing. Using this hardware platform,
we first test the capability of single-unit occupancy inference, aiming to study the
performance of such a unit under various parameter settings and situations. More

hardware implementation details on the unit will be given in Section 4.4.1.
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(a) Sensing/lighting uint (b) Re-designed driver

Figure 4.6: A sensing/lighting unit of CeilingSee, consisting of an LED array and a
re-designed driver.

4.2.2.1 Raw Reading and Signal Smoothing

We first demonstrate the effectiveness of using LED sensing to indicate occupancy: we
record Vapc when one occupant walks into the sensing coverage and stay there, and the
Vapc in Fig. 4.7 clearly shows the variance in reflection incurred by an occupant. The
rather unstable raw readings are mainly interfered by two sources: a minor random
noise and a 50 Hz component.! Both interferences are very easy to be removed by
applying a moving average with a window size of 100 ms. Therefore, we report only
the smoothed readings hereafter. Also, we take the absolute difference between a Vapc
reading and the nominal reading (obtained in absence of any occupants, when we train

or re-train CeilingSee) as the actual sensing value.

4.2.2.2 Impacts of Illuminance and Dimension

As a sensing unit is sensing the reflection, the outcome ought to be affected by the
ambient illuminance. Also, according to Section 4.2.1.2, the sensitivity of the unit de-
pends on the number of LED chips involved. We are here to quantitatively understand
these impacts. Fig. 4.8(a) shows the sensing values are significantly affected by (aver-

age) illuminance, and an illuminance lower than 60 lux would affect the performance of

! As we deploy CeilingSee in a public research lab, the LED sensing units have to be co-located with
existing fluorescent lights that cause the 50 Hz component. This happens to attest the compatibility
of CeilingSee with legacy lighting systems.
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Figure 4.7: Raw and smoothed ADC readings (Vapc) that indicate reflection variance
due to occupancy.
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Figure 4.8: Impact of ambient illuminance and chip number on sensitivity.

CeilingSee. Fortunately, normal office area has a light level of 200 lux and other public
facilities such as supermarkets or theaters can reach 1000 lux [98]. In the following, we
maintain the average illuminance to 150 lux: the one offered by the laboratory where
CeilingSee is deployed. In Fig. 4.8(b), we vary the number of chips and check the re-
sulting sensitivity. The results show that the unit with 96 chips appears to be the most

cost-effective choice, hence leading to our design in Fig. 4.6.

4.2.2.3 Occupant Position and Number

In the previous experiments, we put an occupant right below a sensing unit. Now we let
the occupant gradually move away from that center point, and record the corresponding

sensing values in Fig. 4.9(a). Interestingly, whereas the values are generally decreasing
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Figure 4.9: Changes in sensing value caused by the occupant position and number.

in distance, it has a peak at 0.5 m. This stems from the fact that the perturbation in
reflection incurred by the occupant depends on not only the distance but also occupant’s
cross section with respect to the unit; the trade-off between these conflicting factors
naturally leads to the peak. This is a nice property as it can effectively increase the
FoV of one sensing unit.

We also vary the number of occupants that stand within a circle of radius 1 m
around the unit. Fig. 4.9(b) shows an almost linear increase in sensing values with the
occupant number, though with some saturation at 4 occupants. Normally, we do not
expect to have so crowded situations where more than 4 people stand upon a roughly
3 m? area, so the results demonstrate the ability of a single unit to count the number
of occupants within its FoV, and also explain the need for cooperative sensing with

multiple units.

4.2.2.4 Postures and Gestures of an Occupant

An occupant may have different postures and we consider three typical ones: standing,
seating, and squatting (rare). We study the impact of these postures on the sensing
values when the occupant is at various distances from a sensing unit. Fig. 4.10(a) shows
that, though squatting does lead to rather low sensing values, standing and sitting
cause very close sensing values. This is explained by the fact that the sensing value
incurred by the occupant depends on occupant’s cross section. So certain occupants

may “hide” from CeilingSee by squatting, but this is such a rare posture indoors that it
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Figure 4.10: Changes in sensing value caused by different postures and gestures.
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Figure 4.11: Changes in sensing value caused by different dressing colors and occupant
heights.

would not cause much trouble to the overall inference performance. An occupant may
also change gestures without leaving the monitored area, and such interference should
not be responded by CeilingSee. In Fig. 4.10(b), we show that CeilingSee is virtually
insensitive to gesture changes (e.g., waving arms) of an occupant, implying that the

occupancy inference function is robust against such an interference.

4.2.2.5 Color and Height of an Occupant

The dressing color and height of an occupant may also affect reflection, so we let one oc-

cupant dress in five different colors and also gather four occupants with heights varying
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from 1.5 m to 1.8 m. According to Figure 4.11(a), CeilingSee is largely insensitive to
dressing colors except for white. Fortunately, as far as we do not have majority of the
occupants dressing in white, the bias caused by white dressing can be offset by other
dressing colors. Figure 4.11(b) shows that CeilingSee is quite insensitive to occupant

height, which has somewhat been inferred by the posture results.

4.2.2.6 Background Changes

We define sensing value (c.f. Section 4.2.2.1) with respect to the nominal readings of in-
dividual sensing units. Apparently, these nominal readings can be affected background
changes, including furniture moving and natural light shedding in from windows. We
study the impact of moving furniture by moving a chair away from the center of a
unit, and we also choose two units very close to the window to check the variance of
their nominal readings at different times of a day. According to Figure 4.12(a) and
4.12(b), the impact of both factors are minor compared with the variance caused by
occupants presence. Therefore, we conclude that CeilingSee is immune to minor back-
ground changes. In cases that indoor space being totally refurbished (e.g., repainted

or totally rearranged), we may re-train CeilingSee based on new nominal readings.
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Figure 4.12: Changes in sensing value caused by moving furniture and varying natural
light.
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Figure 4.13: System architecture. CeilingSee gathers data from all sensing units, pre-

processes them to remove noise, and then passes them to the regression module for inferring

occupancy.
4.3 Occupancy Inference

As illustrated in Fig. 4.13, the LED sensing readings are first smoothed and sampled
to obtain vectors of sensing values (termed snapshots hereafter) as described in Sec-
tion 4.2.2. The snapshots are either directly taken or further differentiated to extract
temporal features, and these inputs are fed to a fine-tuned regression module trained

for occupancy inference.

4.3.1 Spatial Distribution of Sensing Values

When multiple occupants exist in an area monitored by CeilingSee, each sensing unit
will produce a sensing value depending on the spatial distribution of the occupants
around it (as studied in Section 4.2.2). We denote the sensing value of a unit by z,(t),
where £ is the index of the unit and ¢ is the time instant when the value is sampled.
Combining all the values produced by the whole system, we end up with a time-varying

vector x(t) = [x1(t), z2(t), -+ ,xn(t)], where n is the number of sensing units. As we
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always sample x(¢) in a discrete manner, we actually use x; to denote a snapshot at
the i-th time slot, and the spatial distribution of the individual components of a x;
is correlated with that of the occupants during that time slot. We illustrate a few
typical snapshots using our deployment in Fig. 4.15 of Section 4.4.1. In Fig. 4.14, we
show 8 snapshots captured when there are 4, 8, 12 occupants and each with two spatial
distribution patterns, namely all standing under the sensing units and away from them.
A direct observation is that, in general, more occupants usually yield higher overall
sensing values and a higher sensing value indicates more occupants around that unit.
These observations agree with impact of distance/occupant number on sensing value
shown in Fig. 4.9. More detailed inspections show that, with the same number of
occupants at different positions, locating occupants right below the LED sensing units
actually leads to lower overall sensing values than moving them away from the units.
This stems from our finding in Fig. 4.9(a). Nevertheless, directly inferring occupancy
from individual snapshots through linear regression may yield rather coarse-grained

estimations with a low accuracy.

4.3.2 Regularized Regression

Given a training set D = {X;,y;}i=1,...,m Where x; € R" denotes the input snapshots,
y; € R is the corresponding label (i.e. the occupant count), and m is the cardinality
of (sensory) data-label pairs, we need to find a function f(x) : R” — R in the form
of f(x) = (w,x) + b to fit the relationship between {x;}’s and {y;}’s, where w € R"
is the vector of weight parameters and b is a bias factor (they are to be learned from
the training set), and (-,-) is the inner product. To avoid the overfitting issue, we
formulate the learning problem of w as a regularized regression problem by introducing

a regularization term on w as follows,

m

DL (i), yi) +Allwli3| (4.4)

i=1

w* = argmin
w

where £(+) is a loss function and v > 0 is a tradeoff parameter controlling the relative
weight between the loss function and the regularization penalty ||w]|3. Different defini-
tions of the loss function lead to specific regularized regression methods; here we adopt
e-insensitive loss that is described by

0 if [f(x) -yl <e,

—y|l—e,  otherwise.

2709 = {
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Figure 4.14: Snapshot examples: different occupancy patterns lead to different snapshots.
Upper figures show the occupancy patterns, with yellow squares represent the sensing units
and blue human-shaped marks indicate occupants. Lower figures show the corresponding
snapshots. (a) 12 occupants are all under sensing units. (b) 12 occupants are all away
from sensing units. (c) 8 occupants are all under sensing units. (d) 8 occupants are all
away from sensing units. (e) 4 occupants are all under sensing units. (f) 4 occupants are

all away from sensing units.

This leads to the well-known as Support Vector Regression (SVR) [99]. However,

the function f(x) learned by solving (4.4) can only capture the linear relationship

59



4.3 Occupancy Inference

between {x;}’s and {y;}’s, whereas the intrinsic relationship between snapshots and
the corresponding occupancy counts can be highly nonlinear. To this end, we further
formulate the learning problem of w as a nonlinear regularized regression problem by
introducing a nonlinear feature map ¢(x) that maps x to a Reproducing Kernel Hilbert
Space (RKHS),

f*(x) = arg min > L) v) + I FII5e| (4.5)
=1

where || - ||5¢ is the norm in the RKHS. By using the kernel trick, ie., K(x;,x;) =

(p(xi), #(x;)), we can obtain the minimizer of the optimization (4.5):
Fr(x) = uK(xi,x) + b, (4.6)
i=1

where u; is obtained by solving the dual problem of (4.5) with the e-insensitive loss [99].
Our design now focuses on choosing a proper kernel function X(x;, x;) and pre-processing

{xi}’s so as to improve the inference performance.

4.3.3 Handling Spatial-Temporal Correlations

In order to achieve an accurate inference, we fine-tune the regression by taking into
account three types of correlations among the training snapshots. As shown in Sec-
tion 4.3.1, snapshots with similar labels are correlated, while the individual sensing
values (collected by sensing units geographically distributed in a monitoring area) have
spatial correlations. Moreover, the snapshots taken at consecutive time slots can be
correlated depending on whether some occupants move or not.

The correlations among snapshots are handled by applying a Gaussian kernel X (x;,x;) =
evIxi=%lI* with v > 0. Such a kernel aims to bring down the interferences between
two rather “dissimilar” snapshots during the training process. The spatial correlation
among sensing values can be handled by pre-processing the training data through the
Geographically Weighted Regression (GWR), where each snapshot x is multiplied by

a symmetric matrix W:

—p(dre/h)? if d h
Wk, 0) = {e 1 ke <

otherwise

(4.7)

where dyy denotes the Euclidean distance between the k-th and ¢-th sensing units and

the “bandwidth” h is set according to the FoV of our sensing units.
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4.4 System Evaluation

The aforementioned approaches may work well when occupant are static. When
occupants are moving, the individual snapshots can be rather unstable. Nevertheless,
the occupant motion also provides more information, e.g., variance among two consec-
utive snapshots. Intuitively, minor temporal variances in the snapshots often indicate
unchanged occupancy, while major ones may indicate otherwise. To take the advan-
tage of this increased information dimension, we expand every snapshot x; by further
involving its variance with respect to the previous snapshot, so the new snapshot has

the form of [x;,x; — x;_1] € R?"™.

4.3.4 Incremental Inference

Due to dynamics of a real-world environment, the learning-based system set up using
training data pre-collected offline may be out-of-date, and thus perform poorly online.
To adapt the system to environmental dynamics, a few training data need to be collected
online periodically (normally every week). We also implement an incremental or online
algorithm to update the trained SVR model whenever a new training sample is collected
in real time [100], which entails a very efficient adaptation to a dynamic environment

without the need for retraining from scratch.

4.4 System Evaluation

In this section, we evaluate the performance of CeilingSee in terms of inference accuracy,

latency and power consumption through extensive field experiments.

4.4.1 Experimental Setup

We deploy a CeilingSee testbed in one of our university laboratories; it covers an area of
5mx6m. The testbed consists of 16 LED lighting/sensing units mounted on the ceiling
with a height of 2.5 m above the floor as shown in Fig. 4.15(a). We try to deploy the
units in 1.25 m x 1.25 m grid, but we have to slightly adjust the positions of some units
adapting to the office layout. As briefly presented in Section 4.2.2, each sensing unit
includes an 8x12 LED chips array and a re-designed driver. We connect all drivers to
a Lenovo ThinkPad laptop computer via serial port, so the laptop acts as a lightweight

server processing the sensing data to produce occupancy inferences.
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Figure 4.15: CeilingSee testbed overview. Sixteen sensing units are deployed on the

ceiling covering a 5 m x 6 m indoor area.

The MCU of our driver, CC2541, is a low-cost power-optimized system-on-chip
module, running on up to 32 MHz and supporting 12-bit analog-to-digital conversions
[101]. Most importantly, CC2541 is designed for Bluetooth Low Energy (BLE). There-
fore, although we currently use a serial port to connect sensor units to the server, we
plan to make CeilingSee a fully wireless system by using TT’s BLE-STACK [102] to
upload sensing data. In our testbed, we run the MCU at 16 MHz and let its ADC
samples at 500 Hz, and the low-pass filter discussed in Section 4.2.2.1 is performed by
the MCU so that the snapshots are uploaded to the server only at 10 Hz, given the low
variation rate of the reflection.

This testbed has been running for about 6 months, during which we have kept
monitoring the regular occupancy of the deployment site, and we have also invited
groups with up to 20 volunteers to perform specific experiments on the system. All
the experiments are performed based on two occupancy patterns: i) static pattern
where occupants stand or sit at arbitrary locations, and 2) dynamic pattern where all
occupants walk or even run freely in the lab. For each pattern, the number of occupants
varies from 1 to 20, and we encourage the occupants to change their postures between
standing and sitting, as well as to perform other daily activities during the tests. We

gather more than 10,000 snapshots for each pattern; they are all labeled manually.
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Figure 4.16: Comparing the accuracy of occupancy inference between (a) single sensing
unit and (b) multiple sensing units.

4.4.2 Single Sensing vs. Multiple Sensing

We first evaluate the detection capacity of one sensing unit in CeilingSee. We randomly
select one of 16 sensing units (Unit 6 in Figure. 4.15(b)) to detect nearby occupants
within its sensing range. We choose the radius of FoV as 1.5 m since it corresponds to
a relatively robust sensing value as shown in Figure 4.9(a). We assume the maximum
occupants within a circle of radius 1.5 m is 6 as otherwise it would be too crowded.
We collect the data when 0 to 6 occupants standing or sitting within the FoV of
Unit 6. Applying the regularized regression on the sensing values obtained by Unit
6, Figure 4.16(a) shows the estimated occupancy counts with corresponding ground
truth values. An estimated occupancy count is calculated as the average of over 1000
inferences for true occupancy count, so the values are not integers anymore. We observe
that the inference for fewer occupants are more accurate and the accuracy decreases
slightly with an increasing occupancy count.

This can be explained by the fact that the occupants’ cross sections overlap with
each other when the density increases. The overall accuracy of Unit 6 is only 77.9%,
with the accuracy metric defined as the ratio between the number of correct inferences

and that of all tests. .
Zizl jf*(xi):yi

; 7 (4.8)

where J is the indicator function and c is the cardinality.
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Figure 4.17: Accuracy vs. varying number of sensing units.

Intuitively, applying multiple sensing units would improve the inference accuracy as
it yields a high dimension in sensing data. Now we intend to study to what extend the
inference accuracy is improved when multiple sensing units are used collectively. Given
the same occupant settings, we gather the sensing values from Units 1, 2, 3, 5, 6, 7, 9,
10 as the inputs for regression, which lead to the results shown in Figure 4.16(b). It

boosts the overall inference accuracy up to 96.8%, 19% higher than that of the single
sensing unit.

4.4.3 Impact of Sensor Density and Training Intensity

Before evaluating the performance of CeilingSee, we firstly experimentally study the
two design parameters of CeilingSee, namely how dense the sensing units should be

deployed and how much training is needed. For the first aspect, we select 4 (i.e. unit
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Figure 4.18: Accuracy with varying TTR given 7 =0 and 7 = 1.

6, 8, 14 and 12), 8 (i.e. unit 3, 6, 8, 9, 11, 12, 14 and 16 ), and 12 (i.e. unit 2, 4, 5, 8,
9, 10, 11, 12, 13, 14, 15 and 16) readings out of each snapshot to derive new snapshots,
so that we can evaluate the impact of sensor density. For the second aspect, we take
a substantial fraction of the labeled data as testing data while using the remaining
fraction for the training purpose. We vary the Test to Total Ratio (TTR) from 90% to
99%, where TTR indicates the fraction of data chosen for testing the regression model.
To better understand the accuracy performance, we introduce a new accuracy metric
that allows for a certain number of miscounts indicated by a non-negative integer 7.
In particular, we define accuracy with miscount tolerance as (Zle 5+ (xa) y1\<7) /c
where J is the indicator function and c is the cardinality..

Fig. 4.17 shows the impact of the number of sensing units. While 8 units appear to

already offer very good accuracy for a static pattern, 12 units perform the best in both
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cases and they would be necessary to cope with dynamic situations. Denser deploy-
ments beyond 12 units are clearly not beneficial, because it yields a higher dimension
of sensed data and complicates the training procedure of the inference model. Fig. 4.17
further shows the statistics given 7 = 1. The relatively low accuracy for a dynamic
pattern with 7 = 0 is mostly due to a single miscount, as raising 7 to 1 would allow
even 4 units to almost always achieve an accuracy beyond 90% under both patterns,
although the better performance of static pattern and the superiority of 12 units still
remain. We will continue observing the performance difference between these two pat-
terns, which shall be further explained in Section 4.4.5. To get the highest accuracy,
we will keep using 12 units for the remaining experiments.

Fig. 4.18 evaluates the impact of training intensity by varying TTR from 90% to
99%. As expected, the higher the TTR (hence less training), the worse the performance
(in terms of the mean and variance) is, but the performance degrades in a rather
graceful manner. In fact, if one miscount can be tolerated, only 2% training data
would be needed for the static pattern and 5% for dynamic one. Given our abundant
training data, we stick to 90% TTR for the remaining experiments to obtain the best

performance.

4.4.4 Breakdown of Inference Accuracy

We now study the occupancy inference accuracy with respect to varying occupancy
counts; the statistics are reported for both static and dynamic patterns in Fig. 4.19.
We observe that the accuracy based on static pattern is always higher than 97% for
all occupancy counts, and tolerating one miscount brings almost all of them to 100%.
Though the accuracy for dynamic pattern appears to be rather disappointing, the
majority of the miscounting cases involve only one miscount, because setting 7 = 1
causes drastic improvements to all occupancy counts.

Under static pattern, the inference accuracy is relatively stable with various occu-
pancy counts, while it is generally degrading as the occupancy count increases for both
7 =0 and 7 = 1 under dynamic pattern. This can be largely attributed to the drastic
increase in transient states when more occupants are constantly moving, as we shall
elaborate in Section 4.4.5. All in all, if we simply allow one miscount, the inference
accuracy based on both static and dynamic pattern can be maintained above 90% for

all tested occupancy counts. Therefore, CeilingSee achieves a very promising inference
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Figure 4.19: Accuracy with varying number of occupants.

accuracy by using only existing lighting infrastructure. We refrain from comparing
CeilingSee with existing proposals at the system level, because, on one hand, it is un-
fair as they are based on very different technologies, and on the other hand, CeilingSee

is not meant to replace other systems, but rather acts as a lightweight complementary

solution.

4.4.5 Responsiveness and Real Life Scenarios

As CeilingSee may serve as input to indoor energy management systems (e.g., for
HVAC), its responsiveness is a concern and hence entails the need for evaluating how
quickly CeilingSee can respond to changes in occupancy count. CeilingSee’s sensing

units configure their sample rates of ADC as 500 Hz. A moving average filter in the
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Figure 4.20: Dynamic response of CeilingSee.

MCU processes the output of ADC and produces snapshots at 10 Hz, which causes a
100 ms delay. The transmissions of snapshots to the CeilingSee’s server via serial port
are done at a baud rate of 115,200 bps, consuming less than 1 ms. The server takes less
than 1 ms on average to figure out the occupancy counts by operating our regression
algorithm. Therefore, inference latency is about 100 ms in total which is mainly con-
sumed by sampling and preliminary data processing on MCU. We could further reduce
this delay by running the filter with a smaller window size, but it does not appear to be
necessary, because the variations in LED readings take a much slower pace (in seconds),
as shown by Fig. 4.20(a) when an occupant passes by 4 units and stops at the last.
In fact, the current high level of responsiveness is one of the main reasons that cause
miscounts under dynamic pattern. As shown in Fig. 4.20(b), the occupancy counts
reported by CeilingSee may oscillate between two actual count changes if occupants
keep moving. This causes miscounts as shown earlier, but it is the price the system has
to pay for instantaneously detecting count changes.

In order to put the performance of CeilingSee into a practical perspective, we choose
to report a whole day monitoring data (for 18 February, 2016) among several-month
operation of the system. In Fig. 4.21(a), we plot the inferred occupancy count (without
ground truth) from 9 a.m. to 22 p.m. The reported data exhibit a rather plausible
pattern: occupants start to arrive in the early morning, they leave for lunch during the
noon but come back after lunch; more occupants show up in the afternoon, but most

of them leave around 6pm, leaving only a few working till late evening. Between two
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Figure 4.21: A real life monitoring scenario for one day.

occupancy count changes, the actual daily activity pattern is a mixture of both static
and dynamic patterns: it can be rather stable while most of the occupants are sitting
(presumably working), while it fluctuates from time to time due to the activities such
as taking a short break, mingling with other colleagues, and so on.

We also arbitrarily choose three sensing units, unit 8, 10, 16, to plot their readings
in Fig. 4.21(b). The trends of these readings are consistent with that of occupancy
count. In particular, sensor readings vary only slightly when there are fewer occupants
in the morning, lunch time and off work time, whereas it changes more actively when
there are relatively more occupants in the afternoon (as the chance of they being moving
becomes higher). If we further look into these readings, for example, those around 14:00
and 15:00, fluctuations are so intense that the sampled snapshots can vary rapidly. The
resulting large variations in snapshots reduce the effectiveness of regression and hence

the inference accuracy. This explains why CeilingSee performs less accurately under
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dynamic pattern as reported in Section 4.4.3 and 4.4.4. Fortunately, as we have shown,
the miscounts caused by such fluctuations are largely negligible. We could apply Hidden
Markov Models (HMMs) [103] to maintain the temporal consistency of occupancy count
so as to improve the inference accuracy under dynamic pattern. Nevertheless, it would

certainly retard the response of CeilingSee to count actual changes.

4.4.6 Energy Consumption

Since CeilingSee utilizes existing lighting infrastructure as light sources, we do not count
in the energy consumption for illumination. Consequently, the energy consumption of
CeilingSee mainly involves the energy consumed by the driver circuits and microcon-
trollers of the LED sensing units. The driver circuit of one sensing unit works at a DC
voltage of + 5 V. It consumes 10.1 mW when it works in the sensing state, and at most
50 mW when working in the illuminating state. The energy consumption of the MCU
is 24 mW. Therefore, the total energy consumption is 34.1 mW for a typical CeilingSee
sensing unit under its sensing state. As MCUs and drivers are default components,
in general, LED illumination devices, the extra power consumption of our CeilingSee
sensing unit is only 10.1 mW. This extra power consumption is incurred by the ampli-
fier circuits on the re-designed driver. Moreover, since data transmission of sensed data
can also be integrated into VLC or Power Line Communication (PLC) [71], the power
consumption for data transmission can be neglected. The energy consumption caused
by computations on the laptop can also be ignored given that the laptop is working
on many other tasks at the same time. All in all, we can conclude our CeilingSee is a
truly low-cost energy-efficient system for occupancy inference. We illustrate the power

consumption in Table 4.2.

Table 4.2: Energy consumption of one sensing unit.

Sensing | Sensing & illuminating
Driver || 10.1 mW 50.0 mW
MCU || 24.0 mW 24.1 mW
Total || 34.1 mW 74.1 mW
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4.5 Summary

In this chapter, to efficiently estimate indoor occupancy leveraging the sensing ability of
LEDs, we have developed a device-free system, CeilingSee, that piggybacks on existing
LED lighting infrastructure. The system consists of two main components: 1) a re-
designed LED driver, which leverages LED’s photoelectric effect to transform a light
emitter to a light sensor, so as to obtain variances in ambient reflection in the form
of snapshots at any time, and 2) a machine-learning-based algorithm to infer indoor
occupancy using the snapshots as input in real time. To verify the efficiency and
effectiveness of the developed system, we have conducted extensive experiments in a
testbed covering a 30 m? laboratory area. The experimental results have shown a very
promising performance of CeilingSee and hence demonstrated its great potentials to be

applied to many smart building applications.
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Chapter 5

Roaming in Connecting Light:
Practical Visible Light
Communication Leveraging LED

Sensing

Similar to the cellular network, VLC systems should offer roaming service for mobile
users. However, traditional VL.C transmitters built upon LED luminaires cannot auto-
matically associate the user and transmit information to the targeted user due to lack of
user detection in a conventional LED-Camera VLC system. In aforementioned Chapter
3 and 4, we investigate VLC system and VLS system respectively. In this chapter, we
first combine those two systems to confront the roaming issue in VL.C system, i.e. pro-
viding seamless connectivity to mobile users. In particular, we present RoCLight as the
first attempt to provide roaming support to an LED-Camera VLC system by leveraging
LED sensing, and build a real tested demonstrating the effectiveness of RoCLight.

5.1 Introduction

While traditional VLC research is still pursuing a high data rate using specialized high
speed photodiode receivers [11, 20, 104, 105, 106, 107, 108], there is a recent trend in
exploiting COTS devices (in particularly smartphones) to implement readily deploy-
able VLC systems that offer only a moderate level of data rate [15, 16, 27, 30, 31, 34,
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35, 36, 95, 109, 110]. This new trend actually involves two main directions, namely
Screen-Camera Communication [30, 31, 34, 35, 36, 109] and LED-Camera Communi-
cation [15, 16, 27, 95, 110]. Whereas the former focuses on short-distance (sub-meter)
communications, the latter has the potential to cover almost all indoor areas given
the pervasive installation of LED enabled lighting systems. Nevertheless, this latter
potential has still been hampered by the lack of roaming support.

Similar to the cellular network scenario where each cellular tower has a limited cov-
erage, the individual LED luminaire in an LED-Camera VLC system also have their
own effective transmission range. Therefore, roaming support is necessary to main-
tain wireless connectivity upon user mobility. As the location-bound communication
ability of VLC is commonly believed to be geared towards location-based services such
as coupons or advertisements deliveries [95], a practical VLC system does not need to
support a full range roaming, yet it at least has to guarantee the continuity in receiv-
ing messages when a user is moving in a room-level area. For example, as shown in
Fig. 5.1(a), after a broadcasting is triggered for LED1 due to a user’s attention on a
commodity (e.g., a painting on the wall), the user moves out of the range of LED1
before completing the transmission. A range-limited roaming support would be helpful
in this case, as it can trigger LED2 and LED3 to relay the unfinished transmission.

Unfortunately, all the existing VLC systems relying on COTS devices only offer a
single-direction communication; this has made it extremely difficult to support roaming
as a feedback channel is necessary for the handoff between neighboring luminaires [9].
Combining the existing RF communication techniques, heterogeneous VLC-RF net-
works could rely on RF to offer a feedback channel for supporting seamless roaming
connectivity in a VLC system [18], which in turn enables further energy-efficient opti-
mization to be performed on the user-to-network association structure [20]. Nonethe-
less, a HetNet infrastructure incurs extra management and operation overhead, so it
may substantially limit the applicability of COTS-enabled VLC systems that are meant
to operate in a plug-and-play mode at places where RF may not be available.

In this chapter, we aim to confront the aforementioned challenge. As it appears to
be almost impossible to initiate a feedback channel from the receiver of an LED-Camera
VLC system (i.e., a smartphone camera), innovation can only be made on the sender
side. To this end, we propose RoCLight (Roaming in Connecting Light) as the first
attempt to offer roaming support to LED-Camera VLC systems. Essentially, our design
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(b) The variance in LED readings due to user mobility.

Figure 5.1: Tracking user mobility by LED sensing. The diffuse reflection change caused
by user moving can be sensed by LED luminaires.

exploits the photoelectric effect of LEDs so that an LED luminaire can be converted
into both a light emitter and a light sensor. In addition, it leverages the disturbance to
the indoor (light) diffuse reflection caused by user mobility. Consequently, RoCLight,
while continuing using the light emitter side to act as a VLC transmitter, employs the
light sensor side to keep track of user mobility: it senses the disturbance to reflection,
as illustrated by Fig. 5.1(b), and hence adjusts the coding/transmission to maintain

the connectivity to a given user. Our major contributions are:

e We propose an innovative idea of applying ceiling-mounted LED lighting system

to track user mobility in a limited scale.
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e We re-engineer the driver of COTS LED luminaire so that the LED chips can be
toggled between light emitting and light sensing modes.

e We employ rateless codes to VLC transmissions so that a communication session

can be relayed to another LED luminaire once a user moves towards it.

e We build RoCLight as a practical VLC system with roaming support, using the
mobility tracking function as the feedback channel to properly relay a communi-

cation session between neighboring LED luminaires.

e We conduct field experiments to validate the effectiveness of RoCLight using a

small scale deployment.

The rest of this chapter is organized as follows. First we present the design of the LED
sensing component in Sec. 5.2, before introducing the system architecture of RoClight
in Sec. 5.3. We report the system evaluations in Sec. 5.4, and summarize this chapter

in Sec. 5.5

5.2 Tracking User Mobility with LED Sensing

In this section, we first introduce how to detect the user by using ceiling-mounted
LED luminaires. Then we present the circuit design that allows us to convert an LED
luminaire into a light sensor. Finally, we briefly discuss the properties of this sensor,

as well as the user tracking algorithm designed for making use of it.

5.2.1 Sensing Disturbance to Reflection

Since lighting systems are normally ceiling mounted, the induced diffuse reflections
from the floor (including various furniture on it) are biased towards the ceiling due to
the blending with minor specular reflection. When (human) occupants move in this
reflection field, they cause disturbance readily sensible by certain ceiling-mounted light
sensors. As it may not be cost-effective to introduce an extra sensing infrastructure,
we aim to re-use part of the existing LED lighting system to serve as the sensors.

It is well known that LED has photoelectric effect, i.e., light shining upon an LED
can cause it to emit electrons, and has motivated a few proposals to use an LED not

only as a sender but also as a receiver in VLC [94]. However, converting an LED
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receiver to an LED sensor is almost impossible as the light signal sent by an LED has
a much higher SNR than the variance in reflection. Moreover, as our LED lighting
system needs to serve both transmission and sensing purposes, we need the LEDs to be
toggled between light emitting and light sensing modes when either is in need. These

are what our design in RoCLight should handle.

5.2.2 Converting Luminaire into Sensor

In a conventional design for light receiving in the LED-LED communication, a bidirec-
tional interface to an LED is created by connecting the LED directly between the two
I/O pins of a micro-controller (MCU) [94]. As a result, the LED emits light when its
anode and cathode are connected to VCC and GND, respectively, by an I/O configu-
ration. Reverting the I/O configuration sets the LED in reverse bias mode in order to
charge the inner stray capacitance of the LED so as to prepare the LED for light sens-
ing. The actual measurement is done by MCU reading the voltage changes on LED’s
cathode and timing how long it takes for the photocurrent to discharge the capacitance
to the I/O pin’s digital input threshold. Obviously, the discharging time is inversely
proportional to the amount of incident light. The simplicity of this LED receiving cir-
cuit stems from the matching voltages between an MCU and an LED. Apparently, it
does not work if several LEDs are to sense together unless the same number of MCUs
are used.

Compared with receiving signals sent by another LED a few centimeters away [94],
sensing the disturbance in reflection is much more challenging. This is not only because
the signal is much weaker, but also because the effective “transmission distance” (from
floor to ceiling) is much longer. Consequently, we need a new circuit design to boost
the sensitivity, and this is done by involving multiple LED chips belonging to one LED
luminaire to collectively sense the weak signal. Note that we cannot rely on reverse bias
in our circuit either, as the much higher voltage level caused by aggregating multiple
LEDs renders the reverse extremely hard (if not impossible) to achieve using commonly
available electronic components.

Therefore, we aim to construct a light sensing unit using an array of LED chips
without the need for reverse biasing the whole unit. Each LED chip, according to its
equivalent circuit model, can be considered as a current source with a shunt capacitor,

with the current source driven by the incident light to generate tiny photocurrent.
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Figure 5.2: The re-engineered LED array driver. (a) Circuit schematic of the driver. (b)
The equivalent circuit during light emitting. (¢) The equivalent circuit for discharging. (d)
The equivalent circuit during light sensing.

Although the current produced by one chip is too weak to be measurable, the aggregated
current of the LED array (with a sufficient amount of LEDs) would be adequate for
the purse of sensing weak signals. To this end, we re-engineer the driver of COTS LED
luminaires so as to toggle the LED state between light emitting (for normal lighting
and data transmission) and light sensing (for tracking user mobility).

The basic schematic of our design is shown in Fig. 5.2, along with the equivalent
circuits corresponding to different modes. The five switches in Figure 5.2(a) are key
components for the driver. The LED array emits light (lighting phase) if both S1
and S2 are ON and other switches are OFF, as shown by Figure 5.2(b). Subsequently,
Figure 5.2(c) shows a short discharging window that allows residual charges on the array

to be cleared for preparing sensing (discharging phase), by putting S3 ON while others
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Figure 5.3: Tracking user mobility by filtered sensing values.

OFF. Finally, switching S4 and S5 ON and others OFF enables the array to act as a
light sensor (sensing phase): the resistor Rs (> 10 M) converts weak photocurrents

to voltage signals that drive amplifiers to produce sensing outcome.

5.2.3 From Reflection Sensing to Mobility Tracking

As illustrated by Fig. 5.1, user mobility does cause changes in reflection and they can
be sensed by the sensing module of RoCLight. Due to the page limit, we omit more
detailed elaborations on reflection sensing but directly proceed to the discussions on
mobility tracking. We denote the sensing value of an LED luminaire by x;(t), where i
is the index of that LED and t is the time instant when the value is sampled. Suppose
that we have N LEDs in a RoCLight system and a user is walking under the coverage of
this system from time 0 to ¢, we have, for the i-th LED luminaire, the sensing sequence
x; = {z;(0),x;(1),--- ,x;(t)}. As RoCLight is also used for VLC that transmits data to
users by emitting modulated pulses, this leads to a switching “noise” persisting in the
sensing value. To combat this inevitable noise, we apply a moving average filter with a
window size of 90ms before extracting features concerning user mobility. Fig. 5.3 shows
the results of the filtered sensing values of three LED luminaires.

For each sequence x;, we can find out the minimum value indicating that a user is
right below the i-th luminaire, as well as the corresponding timestamp t; = arg min x;.
Consequently, we obtain a vector of timestamp t = [t1,t2, -+ ,tx], by finding out

the timestamps of all minimum sensing values for N LED luminaires. This vector
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Figure 5.4: System architecture of RoCLight

allows us to further infer the speed and direction (thus the velocity) of a user. For
example, the time interval of a user passing two neighbor luminaires ¢ — 1 and ¢ can
be easily computed as t; — t;—1. Combining the known mounting distance d between
luminaires, user’s walking speed is derived as s = d/(t; — t;—1). The moving direction
can be readily observed from the ascending order of elements in t. The crossing points
(assuming overlapping cells as indicated in Fig. 5.3) are used as the cell boundaries [9] of
individual luminaires where handoffs should take place, and they also indicate instant
moving directions. In fact, RoCLight can even figure out the location of a user at a
certain instant by processing the sequences of the sensor readings as shown in Fig. 5.3.
Note that, although our examples always involve a single user to ease the exposition,

tracking multiple users is possible as demonstrated in Sec. 5.4.2.

5.3 RoCLight: Supporting Roaming in VLC

As a practical LED-Camera VLC system, RoCLight consists of three basic components:
COTS LED luminaires as stationary transmitters, smartphones as receivers, and in

particular, an LED sensing module to support roaming.
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The system overview of RoCLight is shown in Fig. 5.4. On the transmitter side,
the photoelectric effect of LED chips is exploited to track user mobility Once users
are sensed by a transmitter of RoCLight, the transmitter automatically associates it-
self with the users and starts sending follow-up messages (with the knowledge of the
previous transmitter) to the users. On the receiver side, RoCLight leverages the rolling-
shutter effect of CMOS camera to decode the modulated signals emitted by LED lumi-
naires. Therefore, a user holding a smartphone can seamlessly receive messages from
all passed luminaire cells of RoCLight. In this section, we concentrate on elaborating

our ideas in designing coding/decoding mechanisms for the roaming support.

5.3.1 Basic Modulation

In order to embed the information on the visible light, RoCLight employs a hybrid
modulation of On-Off Keying (OOK) and high frequency Pulse-Width Modulation
(PWM) proposed in [95]. This combination enables the simple OOK to fully sup-
port dimming control of LED lumination and alleviates potential flicker. The packet
structure of RoCLight is set as shown in Fig. 5.5. Each packet has an OOK based
preamble 70111107 and Manchester coding [15] based significant bits. In this way, the
preamble leads to a widest bright band indicating the start of a packet. For reliability
improvement and seamless communication, Hamming correction coding [111] is utilized
in RoCLight. Thus after the preamble, it is actually followed by a 21-16 Hamming for-
mat in Manchester coding carrying up to 8-bit Packet Sequence Number (PSN) and
8-bit data payload.

Preamble S Hamming Format

A
y

lol 111 {11 lll lll lol lll lol lll 40' llr ,0, lll
'\,J I_'\,

Figure 5.5: The packet structure of RoCLight: a packet consists of a preamble of 7011110”

and two significant bytes of data (8-bits PSN and 8-bit payload), along with 5 error cor-
recting bits in a 21-16 Hamming format.
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Figure 5.6: Raptor coding and roaming scheme in RoCLight.

5.3.2 Applying Rateless Code

Though RoCLight has a feedback channel to track the user mobility, the channel is not
actually established from the receiver to the transmitter and hence the LED-Camera
VLC is still unidirectional. This means that a transmitter has no knowledge about the
reception status of a receiver. Therefore, an FEC scheme has to be taken to combat the
packet loss, especially for the mobile scenarios considered by RoCLight. Furthermore,
reception from different LED luminaires also calls for an encoding mechanism to realize
coordinated transmission and thus seamless roaming service. Rateless codes appear
to be a promising choice to tackle these issues; it encodes k original packets into a
potentially infinite number of packets so that the receiver can successfully recover the
original message by receiving any m encoded packets, where m > k.

Among all rateless codes, Raptor code [69] is chosen for its linear time encod-
ing/decoding, low computation complexity, as well as low decoding overhead. The top
part of Fig. 5.6 shows the typical raptor coding mechanism. A set of intermediate pack-

ets are first generated from the original message so that reception of the intermediate

81



5.3 RoCLight: Supporting Roaming in VLC

packets is sufficient to reconstruct the original ones. Additional repair packets are then
produced by applying LT encoding, each of which is calculated by XORing a number
of intermediate packets. The output encoded packets are a sequential combination of
the original and repair ones. Due to the lack of feedback to stop coding and sending on
transmitter side, fixed overhead is configured in RoCLight. That means the transmit-
ter will send out n = v X k encoded packets for every k original packets where v > 1.
In our current small scale implementation of RoCLight, we choose a fixed v = 1.25.
Nevertheless, we are on the way to investigate the benefit of making v an increasing
function of s. This makes sense as a higher speed suggests a possibly higher packet
loss, which may need a more aggressive FEC to cope with. Now we have both a cell
boundary crossing detection (see 5.2.1) and a convenient FEC at hand, so we shall

explain how RoCLight combines them to realize roaming support.

5.3.3 Roaming under User Mobility

Consider a simple scenario shown in Fig. 5.7 that a user passes through two adjacent
luminaires LED; and LED, ;. Suppose we configure the luminaires to work indepen-
dently as the existing VLC systems, then the user may either suffer a higher packet
loss when leaving the cell of LED; due to non-overlapping cells, or otherwise receive
duplicate packets from both LEDs at the boundary of two cells, as shown in Fig. 5.7(b)
and 5.7(c). Although the Raptor codes adopted by RoCLight automatically handle
the packet loss, it comes at the cost of increased latency especially when transmitted
packets get lost. The duplicated receptions also require a particular solution, as it could
reduce the throughput to the point that no user can receive a full message within a
limited number of cells.

To tackle the mentioned problem, RoCLight enables its luminaires to transmit
encoded packets adaptively according to the user’s current position and velocity. We
take Fig. 5.7 as an example to illustrate the how we address the roaming issue. Suppose
a message contains k original packets and n = v x k encoded packets after Raptor coding
as detailed in Sec. 5.3.2. Assume that LED; has completed sending the first j packets,
where j is less than the number of packets needed for successful decoding, when a user
moves across the cell boundary as shown in Fig. 5.7(c). RoCLight detects the boundary
crossing event and the next cell to be entered with its sensing ability explained in

Sec. 5.2.3. Subsequently, the user would expect new packets from LED, starting from
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Figure 5.7: Roaming under RoCLight’s transmissions. (a) A user is associated with LED;
and receiving message from it. (b) The user is leaving LED; and may start to get a higher
packet loss. (¢) The user is under the gap between LED; and LED;;; and hence receiving
from both. (d) The user fully enters the cell of LED; .

j + 1 when entering the cell of LED; ;1 as shown in Fig. 5.7(d) if the previous packets
were perfectly received. In our implementation, we introduce a small overlapping offset
o; for each transmitter, i.e. the sequence numbers of the packets assigned to LED;, 1 is
actually from j + 1 — 0;4+1: while 0,41 > 0 may combat potential packet losses taking
place between cell boundaries, 0;11 < 0 handles the duplicated receptions. Therefore,
RoCLight first tracks the user’s localization and velocity, and then assigns the codes
to the luminaire whose cell the user has just moved into. Apparently, this roaming
scheme may potentially improve both throughput and reliability by adaptively sending

necessary packets to the user.

5.3.4 Throughput when Roaming

Assuming the offset o; can perfectly compensate either the loss or the duplication, the

throughput should be the same as static case when the user is under the coverage of
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RoCLight, i.e., RPs,e as derived in [95] where R is the camera frame rate and Pl
is the packet size decided by camera specifications. Therefore, the throughput under
mobility depends on the fraction of time under coverage and is hence decided by the
inter-luminaire distance d and the cell radius r.. According to Fig. 5.7, a cell boundary
should be determined by the minimum among three quantities, namely the angle of
view (AoV) of the camera, the transmission range of the LED luminaire, and the field
of view (FoV) of the LED sensor. According to our experience, the latter two often
lead to a wider boundary than the first one, so we only consider AoV (defined by «)
hereafter, i.e., we assume ¢ = « in Fig. 5.7.

Given the ceiling height h, the cell radius on the ground becomes r = h X tanc,
given our assumption that ¢ = «. Since « is defined by the image sensor dimension dg
and effective focal length f, we have o = arctan g—} [112]. Therefore, we obtain the cell

radius as r = gcjf. In reality, the smartphone receiver is held by a user, so the effective

communication cell is actually a disk with radius:

(h — he)d,
2of

where h. is height of the smartphone receiver held by a user. Now with a given inter-

(5.1)

re =

luminaire distance d, we can derive the fraction of time under coverage and hence the

maximum bit rate achievable by RoCLight as:

C < {RPSIZQ if d<2re 52)

RPs,e X 27? otherwise

Here d < 2r. implies a rather dense deployment leading to full throughput, otherwise
throughput is lower due to the lack of full coverage. In our RoCLight testbed, the
typical parameters are r. = 1.0 m and d = 1.5 m. Therefore, RoCLight can achieve
a full throughput in theory, and we refer readers to [95] for more detailed analysis on

static throughput.

5.3.5 Demodulation and Decoding on Smartphone

For LED-Camera VLC, a rolling-shutter camera shoots VL.C transmitters at very short
exposure time (e.g. 1/7500 s) to obtain the banded images (frames) carrying modulated
information. Before demodulating the banded frame, the smartphone applies specific

image processing procedures to denoise the received frame and extract the contour of

84



5.4 System Evaluation

4 L TR TR

(a) Original image. (b) Detected contour.

Figure 5.8: Image processing for extracting VLC transmitter’s contour.

the target VLC transmitter. In particular, we employ the noise subtraction method
proposed in [27] to denoise the image and subsequently computer vision techniques [14]
to extract the contour of target VLC transmitter. Fig. 5.8 briefly illustrates the image
processing for detecting such a contour.

After extracting the contour of VLC transmitter, RoCLight chooses a threshold to
distinguish bright and dark strips after scanning the whole packet within the detected
contour. Then the demodulation starts from the widest bright strips, i.e. the preambles
presented in Sec. 5.3.1, to obtain Manchester OOK bits. RoCLight will recover the
original packet or discard the error one after Hamming decoding, and it stores the
correct packet for contributing to Raptor decoding. Upon receiving m = k(1 + ¢€)
encoded packets, where ¢ = 0.1 is chosen to be the overhead of Raptor codes for
RoCLight, Gaussian elimination is employed for LT decoding in RoCLight. The whole
procedure is sufficiently lightweight for Android smartphones.

5.4 System Evaluation

In this section, we evaluate the performance of RoCLight in terms of user mobility de-
tection accuracy, channel property, throughput, latency, as well as power consumption.
We first explain the experiment settings, and then discuss the experimental results of

RoCLight with respect to various metrics.

5.4.1 Experiment Settings

We deploy a RoCLight testbed with 5 LED luminaires spanning a length of 7.5 meters
in one university laboratory as shown in Fig. 5.9. Each LED luminaire is made by 8

commercial LED strips [73] and it contains in total 288 LED chips. We separate the
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Figure 5.9: RoCLight testbed: five LED luminaires are mounted on the ceiling with an
interval of 1.5 m, and the ceiling is 2.5 m above the floor.

chips into two groups with a dimension of 60 cm x 4 cm (36 x 4 LED chips) similar to
a common fluorescent luminaire and duty cycle them in a complementary manner so
that one group performs lighting (transmitting) and the other one performs sensing at
the same time.

For lighting(transmitting), we use Darlington transistors as the driver to drive LED
luminaire lighting while transmitting. The luminaire may run at maximum drive cur-
rent of 2.4 A for each LED strip has a maximum drive current of 600 mA. We connect
all the five luminaires to an ASUS laptop computer via Zigbee, so that the laptop
works as a lightweight server to process the sensing data and dispatch encoded packets
according to user’s location and speed. Fig. 5.10 shows the PCB board of RoCLight
driver and the employed Zigbee module.

RoCLight employs the low-cost system-on-chip wireless micro-controller, CC2530,
as the MCU of the re-designed driver. CC2530 runs on up to 32 Mhz and supports
12-bit ADC (analog-to-digital conversions) [113] along with a full Zigbee networking
stack [114]. Most importantly, CC2530 offers sufficient timers, i.e., one 16-bit timer and
two 8-bit timers, for our RoCLight to generate hybrid modulated signal and the sample
clock of ADC. We run the MCU at 32 MHz and configure its ADC sampling rate at 500

Hz to collect the user mobility information, and we use two timers to generate the OOK-

86



5.4 System Evaluation

| z:

IS ¢d
.mooool ol

(a) LED driver consisting of amplifier cir- (b) Zigbee module with TT's CC2530.

cuits and transistors.

Figure 5.10: Re-engineered driver and Zigbee module used in RoCLight.

PWM modulation signal. To suppress excessive data transmission on Zighee network,
the low-pass filter mentioned in Sec. 5.2.3 is built on MCU to preprocess and compress
data so that RoCLight’s server receives data every 90 ms. Meanwhile, the laptop server
encodes a message by Raptor coding and dispatches encoded packets every 33 ms to the
target luminaire where the user is. We implement our demodulation/decoding scheme
on a Nexus 6 smartphone using its front camera. RoCLight by default sets the frame
rate at 30 fps, ISO at 200, exposure time at 1/7500 s, preview resolution of 1024 x 768
pixels unless otherwise specified. To demonstrate the advantages of RoCLight, we have
also implemented a (baseline) Non-Roaming mechanism that sends identical Raptor

encoded packets synchronously in a circulating manner for all luminaires [95].

5.4.2 Sensing Multiple Users

We first evaluate the capability RoCLight in detecting multiple users. We select LED3
shown in Fig. 5.9 to detect nearby users in its FoV (a disk with a radius of 1.2 m).
We assume the maximum occupants within this FoV is 6 as otherwise it would be too
crowded. We collect the data when 0 to 6 occupants appearing within the FoV of
LED3. Applying the regularized regression on the sensing values obtained by LED3,
Fig. 5.11(a) shows the estimated occupancy counts with corresponding ground truth
values. An estimated occupancy count is calculated as the average of over 1,000 infer-

ences for true user count, so the values are not integers anymore. We observe that the
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Figure 5.11: Comparing the accuracy of user presence between single LED and multiple
LEDs.

inference accuracy decreases slightly with an increasing occupancy count. This can be
explained by the fact that the occupants’ cross sections overlap with each other when
the density increases. The overall accuracy of LED3 is 73.9%, with the accuracy metric
defined as the ratio between the number of correct inferences and that of all tests.
Intuitively, applying multiple LEDs would improve the inference accuracy as it
yields a high dimension in sensing data. Now we intend to study to what extend the
inference accuracy is improved when multiple LEDs are used collectively. Given the
same occupant settings, we gather the sensing values from LED2, LED3, and LED4 as
the inputs for regression, which leads to the results shown in Fig. 5.11(b). It boosts the
overall inference accuracy up to 87.9%, 14% higher than that of single LED. Although
RoCLight cannot tell one certain user from others, this does not matter due to the
broadcasting nature of the VLC system, i.e. all users under the same LED should

receive identical messages.

5.4.3 Performance of Mobility Tracking

We evaluate the performance of mobility tracking of RoCLight as explained in 5.2.3. A
user with a upward-facing smartphone passes through the lane covered by our testbed
at different speeds repeatedly, during which the accelerometer on the phone is turned

on to monitor the average walking speed as the ground truth. The accuracy of tracking
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Figure 5.12: RoCLight’s performance on user tracking. Detection accuracy in terms of

both speed and user’s presence are high by RoCLight.

is defined as
sg— |s —

%l 100%. (5.3)
Sg

where s is the estimated speed by RoCLight, s, is the ground truth obtained by a

phone app.

Fig. 5.12(a) reports the average accuracy for four typical user speeds indoors. We
observe that accuracy is beyond 85% for all speeds that verify the mobility detection
ability of RoCLight. Moreover, the accuracy grows higher as the speed increases. This
improvement benefits from more sharp disturbance of the sensed signal caused by fast
motion. We choose the radius of FoV as 1.0 m according to our measurement, i.e.
within such FoV area the camera held by a user can capture the light. Fig. 5.12(b)
shows the presence detection accuracy by RoCLight when a user is in the FoV of a

luminaire. All luminaires have an accuracy around 99%, which is definitely enough to

support our roaming scheme.

5.4.4 Packet Reception Ratio under User Mobility

As analyzed in Sec. 5.3.3, packet loss is inevitable under user mobility because many
factors, such as hand micro-motion (shaking and tilting) and larger distortions in images
captures at the cell boundaries, can cause failure in decoding a packet. Therefore, we
evaluate the packet reception ratio (PRR) when user walks at three different speeds:

slow (around 0.5 m/s), medium (around 0.8 m/s) and fast (around 1.2 m/s) under
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Figure 5.13: Reception ability under user moving. A rather stable throughput under
various speeds is implied by RoCLight.

RoCLight. We let all luminaires start transmitting continuously an identical packet
when a user enters the testing area and stop transmitting once the user leaves. We
thus calculate PRR as

Ny
R X 100%. (5.4)

where n, is the number of correctly received packets , ¢ is the elapsed time of a user

passing through our testing area, and R is the frame rate of the smartphone camera.
While the relatively low PRR shown in Fig. 5.13(a) is normal for LED-Camera
VLC [27], mobility does exacerbate the situation in our case. Fortunately, RoCLight’s
FEC can well handle this low PRR, as shown later. The slightly higher PRR under
higher speed is probably due to the higher (user’s hand) stability when moving faster.
As illustrated in Fig. 5.13(b), the total number of received packets is roughly pro-
portional to the time spent under the testbed, suggesting a stable throughput under

various speeds.

5.4.5 Adaptive Transmission under User Mobility

We further evaluate the benefits of RoCLight in terms of transmission efficiency given
its mobility adaptive ability. We let a user walk through RoCLight’s testbed with three
different speeds same as those used in Sec. 5.4.4, while the luminaires cooperatively

transmitting a message of k = 26. We evaluate the total transmitted packets number
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Figure 5.14: Transmitting benefit offered by RoCLight’s roaming scheme.

until the receiver fully decodes the sent messages, and we compare RoCLight with the
Non-Roaming mechanism.

We conduct 30 trials and plot the average number of transmitted packets in Fig. 5.14.
As expected, the amount of transmitted packets by all luminaires or transmitted packets
by each luminaire in RoCLight are both far less than those of the baseline mechanism.
Each luminaire transmits the same amount of packets without mobility adaptation, but
RoCLight dispatches specific codes to individual luminaires adaptively so as to achieve
a higher efficiency. We take the number of transmitted packets of individual LEDs as
examples to highlight this efficiency improvement. Under the slow mobility case, LED1
sends 59 packets by RoCLight while transmitting 146 packets by the baseline. Also,
LED4 and LED5 do not transmit any packets by RoCLight, as opposed to 146 each by
the baseline regardless of user presence. In total, the transmitted packets by RoCLight
are only 14% of that by the baseline. This higher efficiency implies either a higher

energy efficiency or a higher serviceability for other users.

5.4.6 Throughput and Latency

We evaluate the improvement of our roaming scheme in terms of throughput and latency

in this section, by comparing RoCLight with a baseline non-roaming mechanism that
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all luminaires send identical Raptor encoded packets synchronously in a circulating
manner. The latency in our evaluation is the elapsed time from when the camera starts
to receive data to when it recovers the original messages. The throughput is computed
as the number of bits of the k packets of the original message divided by the latency.

We first conduct the experiment with three different user speeds same as those
in Sec. 5.4.4. The achieved throughput and latency are plotted in Fig. 5.15. We can
observe that both metrics are significantly improved as compared with the non-roaming
scheme. As shown in Fig 5.15(a), the gain of RoCLight over non-roaming mechanism
rises about 27% under fast speed to 35% under slow speed. As shown in Fig. 5.15(b),
the gain in terms of latency is beyond 20% for all cases. The significant improvement
stems from the relay ability of RoCLight, i.e. RoCLight can track the user to accurately
assign encoded packets to be relayed, whereas the baseline only repeatedly broadcasts
the identical message in a circular manner so that a user may need to wait for the whole
round to receive a sufficient number of encoded packets.

Subsequently, we verify the benefits with larger k£ under the user speed of 0.5m/s.
We conduct 10 trials for each of the three k values: &k = 26, k = 50, and k = 76, and
we calculate the respective average elapsed times for message recovery as the latency.
Fig. 5.16 shows the performance of RoCLight and the baseline scheme with varying
k. We can observe that both metrics get significantly improved by RoCLight. The
throughput of RoCLight can reach up to 140 bps, whereas the throughput of non-

150 10
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Figure 5.15: Throughput and latency of RoCLight under different user speed. The

improvements in terms of throughput and latency are over 20%.
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Figure 5.16: Throughput and latency of RoCLight under different length of the original

message. The throughput and latency are both improved.

roaming is maximum 100 bps and suffers a drastic decrease with an increasing k. We
can also observe the improvement brought by RoCLight is more significant for larger
k, as the baseline circular transmission cannot quickly compensate the loss. We believe
that these improvements could become more evident if we apply RoCLight to larger
scale deployments, simply because roaming would take place more frequently in such

scenarios.

5.4.7 Power Consumption

The energy consumption of RoCLight is incurred by two parts: the consumption of re-
designed driver caused by driving luminaires and sensing, and that of smartphone for
frame capture and decoding. Since RoCLight utilizes the existing lighting infrastruc-
ture as transmitters, we do not count the energy consumption for illumination (thus
light pulse emitting). Consequently, the transmission consumption introduced by Ro-
CLight mainly involves the power consumed by the driver circuit, amplifier circuit and
microcontroller of the re-devised driver, as well as wireless transmission from/to the
lightweight server. Our field experimental results show that the driver and amplifier
circuits of RoCLight have a power consumption of 20.2 mW, very close to that of a
normal LED driver. The power consumed by the microcontroller for generating OOK-

PWM signal, ADC sampling and wireless communication with a server is dominant at
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Table 5.1: Power of RoCLight.

Transmitter (mW) | Receiver (mW) | Total (mW)
RoCLight < 110 < 76.5 < 186.5
Wi-Fi >800 [75] 50 [77] >850

around 89.8 mW, since we currently configure CC2530 at router mode in Zigbee net-
work for simplifying profile development. We leave it as our future work to set CC2530
at end-device mode in Zigbee network that can save over 60% of energy. Moreover,
we can employ Power Line Communication (PLC) [71] for data exchange since all lu-
minaires are connected to the same power grid. Therefore, the power consumption by
current MCU and Zigbee communication can be reduced significantly. According to
the data sheet of a WiFi router, existing commercial WiFi routers consume at least
800mW [74, 75].

The smartphone receiver of RoCLight does consume slightly more energy, since
image sensor is a well-known power hungry sensor. The image sensor of camera has
two states within a frame duration T, i.e. active mode and idle mode [76]. Thus we
have the power for two modes per frame P = (P, T, + P;T;)/Ty, where P,, T, P; and
T; are the power and duration for active mode as well as idle mode respectively. In
RoCLight, we implement receiver program on Nexus 6 with front camera. Based on
our understanding, the front camera of Nexus 6 is equipped a generic image sensor
with maximum resolution of 2 Megapixel [115]. We take an universal COTS image
sensor AS0260 as example, typically we have P, = 272 mW and P; = 12 mW [116].
From [76], we derive T, =~ 8.19 ms and T; &~ 24.81 ms, respectively. Therefore, the power
consumption is only around 76.5 mW under the resolution of 1024 x 768. In fact, by
using aggressive standby mechanism and optimal clock scaling proposed in [76], the
power can be reduced further. WiFi seems to consume slightly more than 50mW at
the receiver side for data reception [77]. Table 5.1 summarizes the power consumptions
of RoCLight, as opposed to those of WiFi. Note that this comparison is only for
putting the numbers into perspective, as WiFi roaming is significantly different from

the roaming support offered by RoCLight.
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5.5 Summary

This chapter has presented RoCLight, a practical LED-Camera VLC system with roam-
ing support enabled by LED sensing. RoCLight relies on existing lighting infrastructure
for both user mobility tracking and VLC transmitting simultaneously. It innovates in
both VLS and VLC: on one hand, it leverages LED sensing to track user mobility, so
as to obtain information concerning user motion. On the other hand, it adapts Raptor
code to the user mobility information for improving both throughput and efficiency.
Our prototype and extensive field experiments based on it have demonstrated that Ro-
CLight can achieve a throughput of more than 110 bps in a normal indoor area for a
mobile user. We believe that the first attempt of RoCLight in combining VLS and VLC
for roaming support will push the COTS-enabled VLC towards practical deployments

in realistic application scenarios.
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Chapter 6

Conclusion

Favored as green technologies of communication and sensing piggybacking on light-
ing infrastructure, VLC and VLS have become very hot research topics in both aca-
demic and industrial communities. Various approaches have been proposed to improve
VLC/VLS systems in terms of feasibility and practicability to apply them into our
daily lives. To accelerate this progress, in this thesis, we deeply exploit sensing and
networking abilities of visible light so as to realize practical VLC and VLS systems
with handy COTS devices and solely LED lighting systems detailed in Chapter 3 and
Chapter 4, respectively. Furthermore, we make an attempt to address the tough is-
sue of user mobility in VLC systems to offer seamless connectivity for mobile users in
Chapter 5. We conclude this thesis by summarizing our contributions and discussing

some future directions in following section 6.1 and 6.2, respectively.

6.1 Research Contributions

In Chapter 3, we have proposed CeilingTalk, an LED-Camera VLC system with collab-
orative transmissions, to field study the realistic deployment of an indoor VLC-based
broadcast system. In CeilingTalk, we employ common LEDs as transmitters and COTS
smartphones as receivers, without relying on media other than the light itself. In or-
der to improve the network throughput and link reliability, rateless codes and a novel
codes assignment scheme are involved among several neighbor LED luminaires due to
an indoor lighting system is normally under dense deployment. Besides, we also invent

a lightweight decoding method to lower computational complexity on receiver side for
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tackling both spatial and temporal asynchrony in transmissions, making it adaptable
to a full smartphone-based implementation. Based on our experience of implementing
CeilingTalk, we build a communication model to characterize this LED-Camera VLC
by extracting parameters to provide guidelines on practical deployments. Finally, ex-
tensive experimental results show the effectiveness of the proposed LED-Camera VLC
model and the promising performance of CeilingTalk.

Inspired by the finding when we deploy CeilingTalk, we devise and build CeilingSee
in Chapter 4. Our key observation is that in a normal VLC system, LED transmitters
are mounted on the ceiling for lighting and transmitting, while the resulted diffuse
reflection can be changed by the presence of users. On the other hand, the LED’s
photoelectric effect which is unexploited in VL.C can sense the change of reflected light.
Therefore, we propose the novel idea of only using ceiling-mounted LED luminaires to
infer occupancy by re-designing the LED driver so that it can convert an LED into
a light sensor. We also design data processing and machine learning algorithms to
infer whole room occupancy by fusing outcomes of the multiple sensing units deployed
in the room. We conduct extensive field experiments to validate the effectiveness of
CeilingSee, and the results strongly demonstrate LED luminaires can accurately detect
and even track users who are moving under them.

In Chapter 5, we present an innovative idea of tracking user mobility with LED
transmitters in VLC, based on our previous observations in CeilingSee. Buying the
similar idea of employing rateless codes for collaborative transmissions in building Ceil-
ingTalk, we implement RoCLight as a practical VLC system with elaborate handover
scheme to provide seamless connectivity for mobile users. LED transmitters in Ro-
CLight can detect users who are within their FoV, and automatically associate the
mobile devices held by the users so as to maintain seamless transmissions in scalable
indoor VLC. We deploy a RoCLight testbed with 5 LED luminaires in one university
laboratory. Our prototype and extensive experimental results have demonstrated the
availability of RoCLight, and it can achieve a throughput of greater than 110bps under
our current testbed for a mobile user. The benefits of RoCLight will be more evident

if under a larger testbed where roaming would take place more frequently.
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Figure 6.1: ASK symbols based on grayscale value.

6.2 Future Directions

While some novel techniques have been proposed and realized to substantially improve
both VLC and VLS systems in this thesis, there are still some limitations which can
be overcome in future research. For example, in CeilingTalk we may further exploit
the grayscale value of banded images to realize high-order modulation for improving
symbol rate so as to boost the network throughput. As shown in Fig. 6.1, the cam-
era receiver can clearly capture the grayscale of bands. Correspondingly, some more
effective coding/decoding schemes could be designed to further improve CeilingTalk in
terms of throughput and energy efliciency.

In Chapter 4, the newly proposed LED sensing system needs to be extended to adapt
various dimming levels under different application scenarios due to it senses light level of
ambient light in essence. Moreover, the re-designed driver could be improved to shorten
switching time between sensing and lighting so as to perform detecting and illuminating
in a manner without human perceived flicker. CeilingSee could also be devised to track
and recognize individual occupant with advanced learning methodology, since each
occupant has different body parameters resulting in different reflection change under
the same environment!. Therefore, we are on the way to extend our CeilingSee for
more potential applications.

As for RoCLight in Chapter 5, handling the user mobility is a real problem which

seriously confines VLC’s practical application. However, current RoCLight can only

! As shown in Fig. 4.11 users with different hights intuitively cause different reflection, though it

does not impact on occupancy inference, we may still use this difference to distinguish users.
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support roaming for one user, albeit it is possible to broadcast messages for multiple
users who are moving on an identical trajectory. Providing customized services for
mobile users is necessary for a practical wireless access technique. Again let us look
into the different changes in sensing value caused by different users shown in Fig. 4.11,
as aforementioned we may distinguish user’s identity by further exploiting sensing data
and locate a certain user exactly, thus we could use some directional transmission
techniques similar in RF communication. In a VLC system, the LED tranmitters
normally consist of multiple LED chips, so it is possible to group partial LED chips to
serve the user at certain location. Therefore, it may be feasible to provide customized
services for multiple users with the help of the LED sensing apporac. We are also on
the way to enlarge the scale of RoCLight’s testbed for conducting more comprehensive

research to better understand its limitations and how to improve RoCLight.
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