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ABSTRACT

Visible light communication (VLC) is a wireless technology that has gained wide interest in in­
dustry and academia due to its ability to achieve power efficient wireless communication at high
data rates. With the use of LEDs, VLC can take advantage of the existing lighting infrastruc­
ture, and relieve some of the traffic requirements of the increasingly saturated radio­frequency
(RF) spectrum. One attractive use case of VLC is for indoor positioning, where the directional
characteristics of light allows to achieve centimeter­level accuracy, an impractical challenge for
other technologies such as WiFi and Bluetooth. Many applications in industry require accurate
and private indoor positioning, such as asset management and tracking. In particular, the use
of unmanned aerial vehicles (UAVs) has recently gained interest for related applications involv­
ing warehouse management, but requires precise localization that can be expensive to achieve
with RF technologies. Visible light positioning (VLP) offers great potential for industrial applica­
tions involving UAVs due to its power efficiency and high accuracy, but the topic remains largely
unexplored.

In this master thesis, we first provide a thorough analysis of state­of­the­art VLP methods, and
identify the best alternatives considering the energy, processing, and design limitations of a
constrained drone environment. Then, we propose the use of standard light bulbs to provide
localization for drones. We modulate the intensity of the LED sources to send beacons that can
be decoded with a simple photodiode in the drone. This optical information is combined with
the inertial and altitude sensors in the drones to provide localization without the need for radio,
GPS, or cameras. Our framework is the first to provide 3D drone localization with light and we
evaluate it with a testbed consisting of four light transmitters and a mini­drone. We show that
the proposed approach allows to locate the drone within a few decimeters of the actual position,
and reduces the localization error by 42% compared to state­of­the­art positioning methods.
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1 INTRODUCTION

As a result of a large number of mobile devices capable of wireless communication, the use of
radio­frequency (RF) based technologies has presented many challenges due to an increased
saturation in the electromagnetic spectrum. In the last two decades, the large amount of smart
devices requiring connectivity has resulted in an insufficient capacity of the current infrastruc­
ture to meet the traffic requirements. In parallel, the advancements in solid­state electronics
have enabled the achievement of high luminescence LEDs that are efficient in terms of power
consumption when compared to incandescent bulbs. In combination, these two events have
been a driving force for a growing trend in research called visible light communication (VLC)
that extends the possibilities for wireless communications [1].

VLC is a technology that exploits the fast switching capabilities of LEDs to transmit encoded
data at a rate that is imperceptible to the human eye. VLC is a cost­effective solution that uti­
lizes the existing lighting infrastructure for communication and illumination simultaneously. In
addition, the frequency band of VLC is thousands of times larger than radio, which allows to
achieve data rates up to multiple Gbps [2]. These and more characteristics, make VLC a viable
alternative for wireless communication that can be complementary to the use of WiFi and cel­
lular data.

The use of VLC for indoor location services is one application that has captured the enthusiasm
of researchers due to its ability to achieve sub­meter accuracy. The directional characteristics
of light make it less susceptible than RF waves to multipath propagation effects, which improves
the reliability of measurements used for localization [3]. With the use of low cost, flexible and
energy efficient LEDs and Photodiodes (PDs), visible light positioning (VLP) provides consid­
erable advantages compared to WiFi, Bluetooth and ultra­wideband (UWB) which achieve at
best, the same positioning accuracy at a much higher cost [4]. For the previous reasons, the
use of VLP has gained interest in industry for several applications involving warehousing, asset
management and manufacturing [5] as it does not raise the privacy concerns of cameras.

Another important trend in industry is the use of unmanned aerial vehicles (UAVs) as a solution
for some of the applications mentioned above. For example, utilizing drones as an alternative
to perform visual inspections in areas that are difficult to reach or possibly unsafe for workers
e.g. manufacturing environments and nuclear power plants. An additional use case of interest
is for autonomous inventory management, where information can be collected by drones read­
ing tags or barcodes across a warehouse [6]. Some companies like Eyesee and DroneScan
already provide warehousing services using flying robots [7, 8].

Despite the interest of the industry for both VLP and UAVs, their combined use is still largely
unexplored and offers great potential for research. The use of VLP enables the possibility to
provide accurate indoor positioning with a minimal cost of infrastructure due to the availability of
LEDs used for illumination. In addition, the use of low power LEDs and PDs is a suitable choice
for communication and positioning in battery constrained devices such as UAVs.
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1.1 Problem statement

There are several limitations in the available technologies when considering localization for
UAVs. The problem of outdoor positioning for drones has been mostly solved with the use of
GPS. However, for indoor spaces where GPS fails to meet good levels of performance, alter­
natives solutions are required. Some technologies, like UWB and cameras, are able to provide
indoor positioning services but require expensive infrastructure to work. In addition, cameras
raise privacy concerns that make them undesirable and even restricted in certain areas [9].
Other options, like WiFi and Bluetooth, can leverage many existing access points and devices
but do not provide reliable nor accurate performance. In contrast, VLP offers a promising alter­
native for accurate localization that takes advantage of the lighting already available in closed
spaces.

While a substantial number of VLP methods are available in the state­of­the­art (SoA), some
require complex infrastructure arrangements which are not suitable for UAVs when consider­
ing their energy, weight and processing constraints. In addition, most of the literature centers
on testing for static scenarios where a receiver is fixed [4], which does not reflect the reality
of drones who are exposed to rapid movement and rotations. Currently, there is no identified
VLP framework that considers simple infrastructure requirements and that takes into account
the mobility of a UAV application.

1.2 Research goal and contributions

The motivation of this project is based on the interest for VLP in research and its use for several
industrial applications, including UAVs. In addition, due to the lack of available VLP methods
that consider the mobile scenarios encountered by drones, the goal of this master thesis is to:

Achieve 3D indoor localization for unmanned aerial vehicles with visible light positioning.

Aligned to the project goal, the main contributions of this thesis are summarized as follows:

• Contribution 1: SoA analysis. [Chapter 3] Considering that the state­of­the­art already
provides notable contributions on visible light positioning [4, 10, 11], we perform a thor­
ough analysis of the existing methods and show that the approach decomposing the 3D
positioning problem into a 2D+H problem (where H stands for height) is the best alternative
for UAVs [12, 13].

• Contribution 2: A novel framework, Firefly, for UAV localization. [Chapter 4] We iden­
tify the limitations of the 2D+H approach on drones, due to the high number of degrees
of freedom (DoF), and propose the Firefly framework. Firefly combines visible light in­
formation, together with the inertial and altitude sensors in drones, to attain accurate 3D
localization. A key property of our framework is the low complexity of the HW (transmitters
and receiver) and SW (localization method).

• Contribution 3: First experimental evaluation with 6 DoF. [Chapter 5 & Chapter 6]. We
build a testbed using a real drone and evaluate VLP methods in an experimental setup
that involves movement and rotations for the first time. The testbed works in the dark as
well as in scenarios exposed to ambient light. Our main result shows that the localization
of drones can be improved by 42% compared to available methods in the state­of­the­art.
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1.3 Structure

In Chapter 2, we give the necessary background in VLC, VLP, and localization algorithms that
serve as a basis for our work. The contributions listed above are then covered in chapters 3 to
6, as indicated in Section 1.2 . Finally, we present in Chapter 7 the conclusion for future work
in this project.
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2 BACKGROUND

In this Chapter, we cover the basic concepts of visible light communication and the framework
of equations that are used in most VLP methods. We also describe the working principle of
common localization algorithms and multiplexing schemes, which serve as a basis to better
understand the analysis of the SoA and our own method in the following chapters. We finally
mention some of the challenges that can be expected when attempting VLP in the context of
UAVs.

2.1 Visible Light Communication

Visible Light Communication is an emerging technology for wireless communication that is ex­
pected to become relevant for daily use in the near future. Due to its capacity to achieve data
rates up to multiple Gbps with a low power consumption, it is a viable alternative to provide con­
nectivity for a number of devices. In addition, radio­frequency communication, which is usually
used in wireless technologies such as WiFi, 4G and Bluetooth, has faced limitations in the last
decade to meet the traffic requirements of an increasing amount of smart devices. To solve this
problem, VLC offers complementary benefits to RF communication. First, it has hundreds of
terahertz available in the spectrum (see figure 2.1) which are currently license­free [1]. Second,
illumination is expected to consist almost entirely of LEDs for general services by the year 2030
[14], which will make VLC a cost­effective solution to support network connections. Finally,
the use of VLC can also provide secure cells for communications which improve privacy in lo­
cal area networks, making it harder to eavesdrop since this would require a direct line­of­sight
(LOS) with the victim.

KHz MHz GHz 430 THz 790 THz PHz EHz Frequency

Radio Microwave Infrared Visible Ultraviolet X-ray Gamma

750nm 380nmWavelength

Figure 2.1: Visible light spectrum within the complete electromagnetic spectrum.

While visible light communication offers a great number of advantages, it also presents tech­
nical challenges that have yet to be overcome. Due to the directional characteristic of light,
obstructions or small changes in orientation can greatly affect the transmitting capacity of the
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link. This means that in environments with multiple objects and mobile receivers, establishing
reliable VLC can be problematic due to occasional blocking and tilting. Other important issues
in VLC research include the problem of achieving longer distance range for communication and
reducing the sensitivity to ambient light noise.

2.2 Visible Light Positioning

The use of visible light, not only for communication but also for localization, has been subject of
great interest in research. For systems that require positioning of some sort, the leading tech­
nology is the Global Positioning System (GPS) which provides a wide area of coverage at a low
cost of implementation. While GPS typically performs well in outdoor environments, it does not
provide the level of resolution or reliability needed for indoor localization scenarios [15]. In con­
trast, the use of visible light allows to obtain precise measurements of received power and angle
information from different light transmitters to estimate the position of a receiver with sub­meter
accuracy. This is possible by using common localization techniques based on received signal
strength (RSS) and angle of arrival (AOA) that we explain in Section 2.3. When compared to
the localization accuracy of other technologies such as WiFi (1 ­ 7m accuracy) and Bluetooth (2
­ 5m accuracy) for indoors [11], and GPS (5m accuracy) for outdoors [15], attaining localization
errors below 1m with VLC is a substantial improvement.

In visible light positioning, LEDs (shown in Fig. 2.2a and Fig. 2.2b) are commonly used as trans­
mitters. For sensing, two types of components are often considered: photodiodes (PDs) and
CMOS image sensors as shown in Fig. 2.2c and Fig. 2.2d respectively. PDs are mostly used
in VLP systems due to their low cost and ease of use. Compared to image sensors they can
process data at a higher rate and are more energy efficient, but require the use of multiplex­
ing techniques to identify signals from distinct light sources (we briefly discuss multiplexing in
Section 2.4). In contrast, image sensors are capable of capturing multiple pixels of an image
in their field of view and can therefore distinguish multiple light sources directly. Despite not
requiring the use of multiplexing to identify different transmitters, image sensors are not used
as frequently as PDs due to their higher complexity, limited data rate of transmission and higher
power consumption [4]. Thus, we will use PDs are receivers for this work.

(a) LED (b) High power LEDs (c) PD (d) Image sensor

Figure 2.2: Common hardware elements in VLP systems.

2.2.1 Radiation pattern of light

In VLP, a PD used as receiver (Rx) uses the measured power and angle information of one or
multiple transmitters (Tx) as the basis for localization. It is possible to obtain such measure­
ments of RSS (from the received power) and AOA since LEDs are often considered to follow a
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Lambertian pattern Rt(ψ) [11], which is determined by the equation below:

Rt(ψ) =
m+ 1

2π
cosm(ψ), (2.1)

where ψ represents the direction relative to the surface normal of the transmitter, and m rep­
resents the Lambertian order. The Lambertian order m determines the width of the beam from
the transmitter. A small value of m leads to a wider beam, while a larger m leads to a narrow
beam, similar to a spotlight. Formally, the value of m is defined by the semi­angle ϕ1/2 at half
power of the LED and is given by:

m =
−ln(2)

ln(cos(ϕ1/2))
(2.2)

ϕ1/2 can be understood as the angle at which the intensity is half of the one found at the axis
normal to the surface of the LED. In Fig. 2.3 we illustrate this description.

LED

F1/2

I I/2

Figure 2.3: Illustration of LED semi­angle ϕ1/2.

2.2.2 Channel loss model for VLP

The Lambertian pattern Rt(ψ) defines the optical wireless channel between the transmitter and
the receiver, which is illustrated in Fig. 2.4 and described by the following equation [16]:

H0(Θc) =

{
Rt(ψ) ·Ar · cos θ

d2
for θ ∈ [0,Θc],

0 for θ > Θc,
(2.3)

where d is the distance between the transmitter and the receiver; θ denotes the incidence angle
at the receiver; Ar is the effective sensing area of the receiver; and Θc represents the field­of­
view (FoV) of the receiver, beyond which the receiver is unable to detect the incoming signal.
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y

θ
d

Tx

Rx

F1/2

Θc

Figure 2.4: VLC system with single transmitter and receiver.

Considering the optical wireless channel, the received power Pr at the PD can be written as:

Pr = Pt ·H0(Θc) +N, (2.4)

where Pt is the transmitted power and N represents the sum of the shot and thermal noise of
the receiver, as well as the ambient noise.

In an ideal environment (i.e. no noise), we may expand Eq. (2.4) to obtain the following equation
for the received power:

Pr = Pt ·Ar ·
m+ 1

2πd2
· cosm(ψ) · cos(θ) (2.5)

2.3 Localization Algorithms

VLC­based positioning systems can be classified in various ways according to their hardware
configurations, multiplexing schemes and other categories. One of the most relevant, is a tax­
onomy based on the algorithm used for localization [17], as this will heavily influence the hard­
ware requirements of the system and the complexity of the solution. We now present common
localization methods and describe their working principles. In Chapter 3, we will use this classi­
fication to analyze the state of the art methods and identify which approach is most appropriate
considering the unique challenges faced by UAVs.

2.3.1 Received Signal Strength (RSS)

TheRSS approach typically uses a Lambertian channel lossmodel, similar to the one of Eq. (2.3),
to obtain the distance between Tx and Rx based on the power of the received signal. When
multiple light sources are available, the distance to different anchor points can be estimated and
the unique position of the receiver can be obtained via trilateration equations. The trilateration
system of equations (also used for GPS) specifies the point of intersection between multiple
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circles (2D) or spheres (3D) as depicted in figure 2.5. To solve a system of equations using
trilateration, a least squares methods is typically employed to obtain the position that minimizes
the distance error of the estimation considering the various anchor points. This can be done
analytically in one step when sufficient anchor points are available or by using an iterative opti­
mization method. RSS methods are easy and cost efficient to implement but its accuracy tends
to be affected by noisy measurements resulting in a lower position accuracy than other tech­
niques.

1

2

3

Figure 2.5: Visual explanation of 2D trilateration with multiple antennas.

2.3.2 Time of Arrival (TOA)

The time of arrival method is similar to the RSS approach and it is the basic principle used by
GPS. Instead of using the power of the received signal, the timestamp of the signal at departure
and arrival is used to determine the distance between two points. In VLP, the distance can be
calculated by multiplying the time delay with the speed of light. Evidently, this process can result
quite complex in short distances, since it requires accurate synchronization between nodes and
a rapid response time of the devices involved.

Although TOA methods are widely used for RF­based positioning, they are not efficient for VLP,
particularly indoors, since the speed of light makes the time of arrival measures too short to
provide accurate localization [18].

2.3.3 Angle of Arrival (AOA)

As the names suggest, in AOA algorithms, the position of a receiver can be determined utilizing
the angle of the signals that arrive from multiple sources. Assuming that the fixed position and
angle of more than one ray is known, the location of the receiver can be found at the intersection
between two lines as shown in figure 2.6 for the 2D case. AOA methods typically achieve high
positioning accuracy, but they present many difficulties in implementation. Multiple receivers,
complicated hardware and elaborated mathematical frameworks are often required to obtain
angular information, in particular for 3D positioning.
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Figure 2.6: Visual example of the principle of a 2D angle of arrival method.

2.4 Multiplexing schemes

In VLP, typically more than one transmitter is necessary to obtain the position of the receiver
by an RSS or AOA algorithm. When multiple sources are involved, a multiplexing scheme is
required to convey information over a shared medium and avoid interference. VLP systems
often require transmitting an ID, the coordinates of anchor points, orientation, or the output
power of the source. The most common multiplexing protocols use to convey such information
include [10]:

• Time Division Multiplexing (TDM): In this technique the signals from the stations are
synchronized and transmit data at different times to avoid collisions. It is a simple method
to implement, but the synchronization of stations introduces practical complications and
the execution of the protocol can be time consuming.

• Frequency Division Multiplexing (FDM): The stations transmit light signals at different
frequencies and do so asynchronously. This technique reduces complexity on the trans­
mitter’s side and leaves it up to the receiver to decode the received information.

• Code Division Multiplexing (CDM): A multiplexing technique that encodes data from
different sources but is able to transmit over a common frequency band. The protocol is
more robust than TDM and FDM but increases the complexity of the implementation.

• Space Division Multiplexing: Mainly used for systems with an image sensor where the
receiver can discriminate between sources depending on their position in a pixel space.

2.5 VLP for UAVs

In Chapter 1, we mentioned the interest of researchers towards VLP and its use for industrial
applications with UAVs. However, available methods for 3D VLP have mostly been tested con­
sidering static setups, which neglect the effect of mobile receivers in the performance of the
system [4]. This should not be the case in VLP for drones, where the receiver is mobile and has
6 degrees of freedom (DoF), as shown in Fig. 2.7a and Fig. 2.7b. When compared to a static
setup, the effect of a mobile receiver introduces two important dynamics in the system: trans­
lation and rotation. First, with transitional movements, the distance d to a transmitter changes,
affecting the irradiance angle ψ of the optical channel from Eq. (2.3). Second, any transitional
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movement requires the drone to tilt around its axes, affecting the incidence angle θ. For exam­
ple, in order to move forward and backward, the drone has to tilt in the pitch axis; and the tilting
angle influences the speed of the movement. In combination, these dynamics have a direct
effect on the power received, as observed from Eq. (2.5).

B
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z
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Right

(a)

y

z

x
Roll

Pitch

Yaw

(b)

Figure 2.7: Possible (a) transitional and (b) rotational movements of a drone.

Although some conclusions can be drawn about the effectiveness of certain approaches, the
real challenges of achieving VLP for UAVs remain to be confirmed, since no method has been
tested on an actual drone exposed to 6DoF. Based on literature studies, in Table 2.1 we present
the main obstacles that could be expected when attempting VLC­based positioning for UAVs.
In this work, we only tackle the challenges of mobility, tilting, and hardware constraints as they
are the first necessary points to address in order to provide drones localization. In Chapter 3,
we take into account these challenges to analyze the available state­of­the­art methods and
select the most suitable ones considering a real drone implementation.
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Challenge Description Study/Source

Mobility VLC is a highly directional technology which
could present problems in applications with high
mobility (such as drones) due to speed varia­
tions, vibrations, signal fluctuations and interfer­
ence from obstacles.

[4], [5], [19], [20]

Tilting and 3D dynamics All drone applications require 3D positioning
which involves a complex mathematical frame­
work when compared to the 2D positioning case
where the receivers operate at a fixed height.
Additionally, many VLP methods assume that
the light source and receiver are parallel to each
other which is not a valid supposition for accu­
rate UAV positioning.

[13]

Energy constraints The energy budget in drones is highly restricted
and despite the use of low­power LEDs and
PDs, it is an important element to take into ac­
count. When adding PD interfaces to an already
constrained system this could have a detrimen­
tal effect in flight time due to the energy con­
sumption and weight capacity of the drone.

[4], [19]

Processing/real­time constraints The real­time execution of positioning algo­
rithms can be a high­overhead task for embed­
ded processors, such as the one available in a
UAV.

[4]

Multipath effects The reflection of light sources on walls or obsta­
cles can considerably degrade the performance
of VLP systems.

[13], [21]

Ill­conditioned scenarios In environments where line­of­sight or access to
visible light access points (VAPs) is temporarily
not available, then a unique solution to the po­
sitioning problem may not be possible to obtain.
In addition, the limited field of view (FOV) of the
receiver implies the existence of dead­zones,
where the minimum amount of signals required
to determine location cannot be attained.

[4], [6], [22]

Table 2.1: Summary of challenges of VLP for UAV applications.
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3 ANALYSIS

In this chapter, we introduce the available VLP techniques in three categories: AOA­based 3D,
RSS­based 3D and RSS­based 2D+H. We analyze the feasibility of each category for drone
localization using the following criteria:

• The complexity of the receiver design considering the limited weight capacity and power
budget of drones.

• The complexity of the algorithm, that affects the processing, memory and power require­
ments in the constrained environment of the drone.

• The complexity of the transmitter design, critical to transform our lighting system with
minimal changes.

• Whether tilting is considered, which is important for mobile scenarios as discussed in
Chapter 2.

3.1 3D VLP with AOA

In previous studies, AOA­based methods have shown to be more accurate than RSS­based
methods for 3D VLP in simulation and experimental evaluations in static conditions, achieving
sub­decimeter levels of accuracy in certain scenarios [23, 24, 25]. However, AOA­based meth­
ods have considerably higher complexities in terms of the required infrastructure support, the
underlying mathematical framework and the computational complexity.

In the design by Yang et al. [25], and the design by Xie et al. [26], multiple PDs are arranged
at different angles in polygonal structures to allow the use of both AOA and RSS information
to uniquely determine the position of a receiver. The requirement of using multiple PDs placed
at different angles increases the profile of the receiver significantly and may not be feasible on
small drones. In Fig. 3.1 we show an example of a PD structure, which is similar to the ones
often required by AOA methods considering more than one PD.

Rx1

Rx3

Rx2 Rx4

Figure 3.1: Multiple PD structure for AOA systems.
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In the design by Sahin et al. [23], the complexity of design is transferred from the receiver to
the transmitter by proposing the use of Visible Light Access Points (VAPs). VAPs consist of
multiple tilted LEDs, which are used to provide AOA information to a single receiver sensor on
the drone. An example of such VAP is shown in Fig. 3.2a where multiple transmitters are visible
from the bottom view. In Fig. 3.2b we can see from the lateral section view that LEDs in the
periphery have an angle A with respect to the LED in the center, which results in a complex
transmitter design to implement at scale.

Tx1

Tx2

Tx3

Tx4

Tx5

Tx6

Tx7

(a)

A

Tx1
Tx2-Tx7

(b)

Figure 3.2: Visible light access point (a) bottom view and (b) lateral section view.

In the design by Zhu et al. [24], very accurate results are reported based on the angle difference
of arrival (ADOA) information. However, in addition to using a PD array, a complex framework is
also required, which results in a high computation time even on a dual­core 2.4GHz processor.

In summary, AOA­based methods can achieve a high accuracy but require either complex re­
ceiver designs and algorithms, which are infeasible for small drones; or elaborated and costly
transmitters, which do not scale well to a large lighting infrastructure.

3.2 3D VLP with RSS

Compared to AOA­based methods, RSS­based methods require considerably less infrastruc­
ture but impose some stringent constraints on the evaluation setup. For example, in the study
by Li et al. [16] and the study by Zhuang et al. [20], the receiver and the transmitter are assumed
to be parallel to simplify the problem as depicted in Fig. 3.3. Even though the design implemen­
tations have lower complexities, the parallel assumption is unlikely to remain valid when drones
are flying. In the study by Cai et al. [27], a 3D RSS­based VLP method is demonstrated with
an average error of a few centimeters. However, a computationally intensive particle swarm
optimization (PSO) algorithm is adopted to solve for the position. In addition, the experimental
scenarios consider that receivers remain static and parallel to the transmitters. In the study of
Carreño et al. [28], the computationally­heavy Genetic Algorithm (GA) and PSO are considered
to solve the 3D VLP problem and report comparable accuracy results to [27] for both algorithms.

In summary, RSS­based methods have potential for 3D VLP for drones, as they require less
hardware elements compared to AOA­based methods. However, the main shortcomings are
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their computationally intensive optimization algorithms and the fact that the methods are accu­
rate only with static receivers maintaining a parallel orientation with the transmitters.

Tx

Rx

y

θ
y=θ

Figure 3.3: Parallel Tx­Rx assumption (black arrows denote parallel lines).

3.3 2D+H VLP with RSS (Indirect­H)

A promising approach in using RSS­based methods for 3D VLP is to decompose the problem
space into 2D+H, where the height (H) and the 2D position of the receiver are independently
estimated. For example, in the studies by Plets et al. [12] and by Alamadani et al. [13], a list of
different height values are sequentially assumed, and for each height, the 2D position is solved
via trilateration. After the trilateration process is completed for all different heights, the algorithm
then determines which height is the most probable to be correct by minimizing the error of a
cost function that identifies which candidate solution is the most likely. Both studies are able to
achieve 3D VLP with modest infrastructure and algorithmic complexities, and report favorable
results for static receivers that are parallel to the transmitters. In the study of [13], however,
when tilting is introduced, the positioning error of their method increases more than 15 times
when the inclination is 3◦ and more than 30 times when it is 5◦. In addition, the experiments are
performed in a controlled environment using a high­end PD, which does not reflect the normal
working conditions of drones.

A key problem of 2D+Hmethods is that they use an indirect approach to estimate height. Height
is obtained through RSS measurements. This approach works well with parallel and static re­
ceivers, but mobility and tilting affect their performance. We use these studies as the baseline
of comparison for our proposed method in Chapter 4, and for the remainder of the thesis we will
refer to 2D+H Indirect methods as Indirect­H.

3.4 Comparison of SoA methods

To conclude this chapter, we show the performance of the discussed SoA methods in terms of
accuracy (reported positioning error) and the LED density in Fig. 3.4. The density of anchor
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Figure 3.4: Accuracy vs LED density for different SoA studies. The curve represents the aver­
age trend of SoA studies.

points is a major indicator of how well a VLP system will perform and provides a basis for com­
parison [4]. The methods are categorized by type (AOA or RSS) and testing conditions (if the
receivers are parallel to the transmitters in their evaluations or if they consider tilted setups). All
these studies, including the ones evaluating tilting, consider only static receivers in their exper­
imental evaluations.

We can see from Fig. 3.4 that in general, a lower LED density has a detrimental effect in the
accuracy that can be achieved and vice versa. When considering all studies, AOA methods ap­
pear at or below the trend line and achieve the lowest positioning error despite being evaluated
with tilted receivers. Some RSS methods also perform comparably well, but only consider the
parallel case between transmitters and receiver. Finally, the study of [13] performs worse than
other RSS methods with comparable LED density since it is the only one that considers tilt in
their experimental evaluations.

In order to have a high localization accuracy for drones while keeping the hardware complexity
low, we consider RSS methods in favor of the AOA approach. In Chapter 4, we build upon the
2D+H framework and propose Firefly, where we use available sensors in the UAV to overcome
the limitations of the SoA that only considers parallel transmitters and receiver. In Chapter 6, we
compare Firefly against two other SoA approaches in a significantly more challenging mobile
scenario.
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4 SYSTEM MODEL

In Firefly, our aim is to keep the hardware complexity as low as possible. Therefore, we con­
sider an infrastructure where each LED transmitter has a single off­the­shelf light with no tilted
or custom­made structure. This maintains the simplicity of the transmitters, making them easily
scalable. Similarly, on the receiver side, our design requires each drone to be equipped with
only a single PD for VLP. Based on the analysis of Chapter 3, we consider the Indirect­H meth­
ods from [12] and [13] as the initial building block of our model. Even though these methods
require that the transmitter and receiver are parallel to each other to obtain an accurate posi­
tioning result, they have low hardware and algorithmic complexities.

In this chapter, we first explain how we obtain the RSS and identifier (ID) of light source, which
are pre­requisites for RSS methods. Then we explain the common framework, assumptions
and limitations of RSS methods; and in particular the Indirect­H approach. Finally, we explain
the localization method proposed in Firefly and the necessary modifications to the common
framework that enable accurate VLP in a mobile scenario with 6 DoF.

4.1 Obtaining RSS and ID of LED transmitters

In VLP systems, the information that is conveyed to the receiver in order to obtain its location
varies. Common examples include broadcasting the output power, lambertian order, position
and orientation of the transmitter. In Firefly, we keep a minimal approach where we assume
that the parameters of the PD receiver and LED transmitters are known (i.e. m, Ar) from the
data sheet of the manufacturer and do not need to be transmitted. This allows for a simple
implementation where only the RSS is required from the transmitter and the other parameters
(ψ and θ) are obtained using available sensors on the UAV.

4.1.1 ID selection

For the localization method to work, however, it is also necessary to know which RSS cor­
responds to which transmitter. For this purpose, we use frequency division multiple access
(FDMA) to transmit the ID of different LEDs simultaneously. In FDMA, a unique ID is generated
by turning on and off the LEDs at a selected frequency. This results in a square wave signal
generated by each transmitter. The combined signal can then be sampled by a single PD in
the receiver, and decomposed by a Fast Fourier Transform (FFT) to obtain the RSS (Pr) corre­
sponding to a unique light source.

The choice of FDMA simplifies the complexity of the implementation, as LEDs can transmit
without the need of synchronization, and using a shared medium. In addition, with the FDMA
approach, the FFT will isolate sources of high frequency noise (such as shot and thermal noise)
as well as the constant DC component of ambient light to obtain a clean RSS signal. In turn,
this makes our system resilient and capable to operate in dark and illuminated environments
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Figure 4.1: Time and frequency domain graphs (after FFT) of a 50Hz (a) Sine wave and (b)
Square wave.

with a simple implementation (i.e. no additional synchronization protocol is required).

When using the FFT to obtain the RSS information from a square wave, some considerations
have to be taken into account. To clarify our approach, Fig. 4.1a shows the time and frequency
domain graph of a 50Hz sine wave with an amplitude of 1. In the case of a sine wave, a single
peak can be appreciated in the frequency domain. In contrast, a square wave of the same fre­
quency and amplitude characteristics, will present multiple peaks in the frequency domain as
shown in Fig. 4.1b. This can be explained by the Fourier series of a square wave:

x(t) =
4

π

∞∑
k=1

sin(2π(2k − 1)ft)

(2k − 1)
(4.1)

From Eq. (4.1), we see that the square wave contains only odd­integer harmonics correspond­
ing to the 2k−1 term. Harmonic components can be a source of possible interference between
transmitters and should be avoided. A simple solution, first proposed by [29], is to select IDs that
are 2n multiples of a selected base frequency f0 (i.e. 2f0, 4f0, 8f0, etc.). Any base frequency of
the system can be chosen as long as the hardware limitations of the receiver and transmitters
are taken into account. In VLC systems, frequencies above 200Hz are preferred as they are
generally regarded as safe for humans and will not result in any disturbance [11] .
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4.1.2 RSS

By looking at Fig. 4.1a and Fig. 4.1b, we can also observe that the amplitude of the sine and
square waves is noticeably different. From Eq. (4.1) and for k = 1 (the term that corresponds
to the frequency IDs), the amplitude of the square wave signal is multiplied by a factor of 4

π . To
retrieve the magnitude of the original time domain signal it is sufficient to multiply the measured
RSS by the reciprocal (i.e. π

4 ).

As a final consideration, we see from Fig. 4.1a that even for the sinusoidal signal, the magni­
tude in the frequency domains is slightly lower than 1. This is the result of performing a discrete
Fourier transform where some of the received power of the signal leaks into adjacent frequency
bins. This phenomenon is known as spectral leakage and can be mitigated by increasing the
number of samples in the FFT, performing Zero­Padding or adjusting with a calibration factor.

In summary, the ID and RSS values of multiple transmitters is obtained using FDMA and tak­
ing into account simple considerations. Namely, the frequency IDs must be a 2n multiple of a
selected base frequency and the retrieved RSS value must be multiplied by a factor of π

4 .

4.2 Common framework of RSS methods

As described in Section 4.1, we assume that the parameters from the data sheets of the LED
transmitters and PD receiver are known. Therefore, with the RSS information, the distances
between the transmitters and the PD on a drone can be calculated directly from Eq. (2.5), if the
incidence angle θ and irradiance angle ψ are also known. A common assumption in the SoA
studies, including Indirect­H methods, is:

• Assumption 1 (A1): The transmitters and receivers are parallel (∥).

This assumption greatly simplifies the problem and leads to the following equation:

cos(ψ) = cos(θ) =
|zr − zi|
di,∥

=
h

di,∥
, (4.2)

where zr denotes the height of the receiver; zi represents the height of the i­th transmitter; h is
the height difference; and di,∥ is the distance between the receiver and the i­th transmitter. In
Fig. 4.2, we show the reference and parameters of the system for clarity.

By substituting Eq. (4.2) into Eq. (2.5), the distance between the receiver and the i­th transmitter
is given by:

di,∥ =
[Pt,iAr(m+ 1)hm+1

2πPr,i

] 1
(m+3) (4.3)

With this method, a good accuracy can be obtained when A1 is true [12]. However, the study
of [13] shows that when RSS is used to estimate height, the result is affected by tilt of the re­
ceiver. In turn, this has a considerable effect in the overall accuracy of the method. Thus, the
Indirect­H approach is inadequate when assumption A1 is broken. We address the limitations
of the Indirect­H method to achieve accurate localization, even when A1 does not hold true.
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Figure 4.2: System reference and parameters. Without loss of generality, we place the LEDs
(transmitters) on the ground.

4.3 Firefly

In Firefly, we adopt amulti­sensor fusion approach. We design a direct height estimationmethod
that is robust against tilting using both inertial sensors (IMUs) and barometric sensors. As most
off­the­shelf drones are already equipped with both kinds of sensors, no additional hardware is
needed. We directly introduce our estimated height into the distance equations of the common
framework and perform two iterations of 2D trilateration, as shown in Fig. 4.3, to obtain a better
approximation of the irradiance and then the incidence angles. Our method consists of three
steps summarized hereafter:

• Step 1: The height of the drone is measured using the onboard barometer and IMU with a
complementary filter. The Indirect­H method proposed in SoA studies is applied to correct
the long­term zero drift of the barometer.

• Step 2:We perform a first iteration of the 2D trilateration method assuming that the trans­
mitters and receiver are parallel. These (initial) location estimate provides a good approx­
imation of the irradiance angle and serves as a basis for Step 3.

• Step 3: Taking into account the tilting of the drone obtained from the IMU (incidence angle),
we perform a second iteration of the 2D trilateration method, which gives us the final
localization result.

4.3.1 Step 1: Height estimation

To obtain a reliable measurement of the height of a drone, two types of sensors are often con­
sidered: IMUs and barometric sensors. IMUs consist of accelerometers and gyroscopes that
are used to track the position and orientation of an object. Their low costs, form factors and
power consumption make them an ideal option for drone navigation. While IMUs are good at
measuring instantaneous changes, their outputs are prone to noise and drift errors, even over
a short period of time. By using only inertial sensors for positioning, it has been shown that
the positioning error can reach over 10m after 2 s and over 150m after 60 s [30]. On the other
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Figure 4.3: Firefly approach. The common framework of the SOA, which assumes a parallel
setup, is enhanced with two novel components: a direct measurement of height via a comple­
mentary filter and a 2D VLP method that considers tilt.

hand, the output of barometers, which use air pressure to measure altitude, is sensitive to rapid
variations in the air pressure uncorrelated with altitude changes. However, over a longer time
period, barometers can provide a stable estimate of height.

Considering that the strengths of both kinds of sensors are complementary, their respective
advantages can be fused to obtain an improved measurement using the long term reference
of the barometer and the short term agility of the acceleration measurements. In Firefly, we
adopt the complementary filter from [31], to apply a high­pass filter to the vertical acceleration
from the IMU and a low­pass filter to the output of the barometer. The complementary filter is
especially suitable for a resource­limited UAV, compared to other sensor fusion methods such
as the Kalman Filter, because of its simplicity. The following discrete equations are used for the
complementary filter to obtain the height zr and speed of the receiver żr :

ẑn =

[
zr
żr

]
=

[
1 Ts
0 1

]
ẑn−1 +

[
1 Ts

2
0 1

]
kfTs∆zn−1 +

[
Ts
2
1

]
∆vn−1 (4.4)

where

∆z = hbar − zr

∆v = azTs

considering that the n sub­index denotes the current iteration; hbar is the height measurement of
the barometer; az is the vertical acceleration obtained from the IMU; and kf is the complemen­
tary filter gain, which can vary depending on the noise of the sensors used. From the discrete
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equations we see that the height zr is influenced by the previous state (position and velocity),
and updated with information from the barometer and accelerometer at each time step Ts.

When combined with inertial sensors, barometers can provide accurate height estimation for
drones, for example, with errors of less than 15 cm after 3min [32]. Nonetheless, due to chang­
ing conditions in the environment, barometers are likely to eventually drift from the initial con­
ditions set during calibration. This is also known as zero drift. One possible solution to correct
the zero drift is to perform frequent calibrations at defined locations or checkpoints, but this ap­
proach is cumbersome. In Firefly, we propose a simple zero drift correction scheme using VLP,
which is shown in Fig. 4.4.

e

1‐e

1
z

Dhbar0

hVLP

hbar

Figure 4.4: Block diagram for barometer drift correction scheme.

As described in Sec. 3, the Indirect­H method already provides a solution to indirectly estimate
the height of a drone using VLP. This solutions is not accurate when tilting occurs, but provides
a drift­free height measurement. Thus, we use the Indirect­H measurement to correct the drift
problem, but only when it can be trusted, i.e. when the roll and pitch angles of the drone are
below a threshold such as 3◦ using information from the IMU.

In our method, the height estimated by the Indirect­H VLP is denoted as hV LP , and the change of
height measured by the barometer is denoted as∆hbar0. Overall,∆hbar0 has a higher accuracy
than hV LP to detect changes in altitude and we show this in Chapter 6. The measurement
results hV LP and ∆hbar0 are then scaled by a constant ϵ and 1 − ϵ, respectively, to obtain the
final height estimation hbar. In the following iterations, hbar then acts as a correction for ∆hbar0.
By choosing a small value for the constant ϵ, the Indirect­H height estimation (hV LP ) has a minor
influence in the immediate output. This ensures that the height estimation is still accurate. At
the same time, the drift­free hV LP has an anchor effect on the long term, which corrects zero
drift from the barometer. Together with the IMU data, hbar is the input to the complementary
filter.

4.3.2 Step 2: Parallel Tx­Rx

In the previous step, we directly obtain the height zr of the receiver. Now, we utilize this accu­
rate height to obtain a first estimation of the xr and yr coordinates of the receiver. This step
tackles the issue caused by the incorrect characterization of the irradiance angle in Indirect­H.
By directly estimating height, we obtain a better approximation of the irradiance angle than the
Indirect­H method. For this first iteration, we consider the common framework of RSS methods
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where the receiver is parallel to the transmitter. We take into account the effect of the tilt of the
drone (incidence angle) in the next step.

In a typical indoor environment the transmitters are fixed, and the irradiance angle ψ is not
affected by tilting of the receiver. Then, for the irradiance angle, Eq. (4.2) is valid and we can
use Eq. (4.3) to obtain distance, provided that the height estimation is accurate. Note in Fig. 4.5
that given an estimation of di (based on RSSmeasurements), a correct height is critical to obtain
a proper characterization of ψ, and that is the main strength of Firefly compared to Indirect­H.
With the distance and the height estimation we can obtain the position of the drone using a
standard trilateration procedure. In our system, as we are using visible light for positioning,
we can consider the main sources of noise to be the shot and thermal noises [33]. Therefore,
we adopt the maximum likelihood estimation (MLE) to perform 2D trilateration, as it takes into
account statistical considerations to minimize the error of noisy measurements [34].

(xr,yr,zr)

y

θ
hdi

ri

(xi,yi,zi)

Figure 4.5: Lateral view of system reference and parameters.

The MLE method finds the most likely position of the receiver at the intersection of i circles with
radius ri, corresponding to the horizontal distance of the drone to our i anchor points (at least
3). Since we have already obtained the distance di to each anchor point and the height zr of the
receiver, it can be observed from Fig. 4.5 that by using the Pythagorean theorem, the radius of
each circle in the 2D plane is simply:

ri =
√
(d2i,∥ − h2) (4.5)

We can now obtain the 2D position of the receiver (xr, yr) by solving the following system of
equations from the MLE method:

X =

[
xr
yr

]
= (ATA)−1ATB (4.6)
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where

A =

 2(x1 − xi) 2(y1 − yi)
...

...
2(xi−1 − xi) 2(yi−1 − yi)

 (4.7)

B =

 x21 + y21 − r21 − (x2i + y2i − r2i )
...

x2i−1 + y2i−1 − r2i−1 − (x2i + y2i − r2i )

 (4.8)

considering that xi and yi are the coordinates of the i­th transmitter.

4.3.3 Step 3: Tilting of the receiver

In the previous step, we obtain the position of the receiver assuming that the incidence and
irradiance angles are equal. As we explained before, the irradiance angle is not affected by
tilting in our setup. In contrast, the incidence angle θ is directly influenced by the 3D orientation
of the receiver. We can obtain orientation information using the IMU which we already use to
estimate the height of the drone. In this step, we perform an additional iteration of the 2D MLE
method, using distance measurements that account for tilt ( ̸ ). From equation Eq. (2.5) we
have:

di, ̸ =

√
Pt,iAr(m+ 1)cosm(ψ)cos(θ)

2πPr,i
(4.9)

where the irradiance angle ψ is described by equation Eq. (4.2) and the incidence angle θ is
described by [25]:

θ = cos−1
(θx + θy + θz

di,||

)
(4.10)

with

θx = (xr − xi)cos(γ)sin(β)

θy = (yr − yi)sin(γ)sin(β)

θz = (zr − zi)cos(β)

where γ, β are the roll and pitch Euler angles respectively obtained from the IMU. We can see
from Eq. (4.10) that the first iteration of the 2D trilateration method (Step 2) is necessary since
the position of the receiver (xr, yr and zr) is required in addition to its orientation for θx and θy.

With the previously described steps, we can overcome the limitations of the Indirect­H method
when tilting occurs. By directly estimating height we achieve a better approximation of the
irradiance angle and by utilizing sensors from the IMU, the incidence angle is obtained. In the
following chapter we discuss the details of implementation of Firefly in an experimental testbed
that considers a real drone with 6 DoF.
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5 IMPLEMENTATION

As we have mentioned in Chapter 3, the literature mostly considers static receivers in their
experimental validations and no study tests mobile receivers subject to 6DoF. In the case of
drones, it is important to test the performance of the proposed method in a real scenario due to
the mobility and tilting involved in drone applications. In this chapter, we provide details of im­
plementation for the testbed for our system that considers a 3D mobile environment with tilting
of the receiver.

We first provide an overview of the system for clarity. Then we explain the hardware implemen­
tation for the main components of the system, and finally, we detail the pieces of software that
enable the flow of information between parts.

5.1 Overview of the testbed

We build a testbed in a 2m× 2m× 2m indoor environment as shown in Fig. 5.1a. The testbed
has three main components: 1) 4 transmitting LED sources located at fixed positions, 2) the
drone, and 3) a ground truth system to determine and control the drone’s position during flight.
The connection between these components and the schematic overview of their functionalities
are shown in Fig. 5.1b. The configuration of the system is listed in Table 5.1.

Parameter Label Value

Testbed size ­ 2m× 2m× 2m

Position (x, y, z) and

frequency ID of each

transmitter

Tx1 (0.25m, 1m, 0m) 60Hz

Tx2 (1m, 1.75m, 0m) 120Hz

Tx3 1.75m, 1m, 0m) 240Hz

Tx4 (1m, 0.25m, 0m) 480Hz

LED power Pnom 2.7W

Lambertian order m 14

Area of the PD Ar 5.2mm2

FOV of the PD Θc 80°

Table 5.1: Parameters of the system.
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UAV
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Transmiter

set point

data log
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Figure 5.1: The overview of the system. (a) The physical position of the testbed with 1) 4
transmitters; 2) UAV; and 3) the ground truth system. (b) Schematic overview of the connection
and functionalities of the components.

5.2 Hardware implementation

5.2.1 Transmitter

We use the CorePro LEDspot LV lamps as transmitters which are connected to a MOSFET tran­
sistor and controlled by a microcontroller as shown in Fig. 5.2. In order to generate a unique
frequency identifier (ID) we used the FDMA scheme explained in Section 4.1. In our system, the
base frequency f0 of 60Hz is chosen for evaluation, however, any f0 can be used considering
the hardware limitations of the transmitters and the receiver. Then, the frequency IDs of the
LEDs of our system are 60Hz, 120Hz, 240Hz and 480Hz.

In our setup, we drive the LEDS at 2.7W. The duty cycle of the square wave used to generate
the frequency ID is 50%, and thus the average transmitting power is given by:

Pt = Pnom ·D (5.1)

where Pnom is the nominal power of the LEDs and D is the duty cycle. Resulting in a transmit­
ting power of 1.35W for each lamp.
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The beam angle of the LEDs is 36° and is provided by the manufacturer in the data sheet. This
results in a semi­angle ϕ1/2 of 18° and a Lambertian order of m = 13.81 ≈ 14 according to
Eq. (2.2).

VCC

IRLD024

R

R

Figure 5.2: Driver circuit for LED transmitters.

5.2.2 Receiver

We select the Bitcraze Crazyflie 2.1 as the receiver. It is a lightweight commercially available
drone with multiple peripherals, which makes it easy to attach dedicated or customized hard­
ware to perform different functions. To enable VLP on the drone, an OPT101 photodiode is
attached via a custom PCB as shown in Fig. 5.3b. The PD is connected to a 12­bit analog­to­
digital converter (ADC) on the Crazyflie.

(a) (b)

Figure 5.3: Crazyflie 2.1 mini­drone (a) Lighthouse deck used for ground truth (top view) and
(b) custom PD deck (bottom view).
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The OPT101 PD shown in figure Fig. 5.4a has been successfully used and tested in multiple
VLC projects, such as the OpenVLC 1.3 shield [35], and its sensitivity can be adjusted to match
the power requirements of the applications by attaching a variable resistor. In Fig. 5.4b we
show the sensitivity configuration chosen for our system using the data sheet information of the
manufacturer. Considering the ADC voltage reference of 3V from the the Crazyflie and using a
100 kΩ resistor, we see that it is possible to measure a radiant power from the transmitter up to
around 80µW . This is an appropriate configuration for our system considering the characteris­
tics of our LED transmitters and the dimensions of our setup. For example, we may place the
receiver in direct line­of­sight (i.e. when ψ = 0◦ and θ = 0◦) at a distance from the transmitter
of 0.5m or above without saturating the PD. In Chapter 6, we design our flight route taking into
account the radiant power that can be sensed and the field of view (FOV) Θc of the PD.

(a) (b)

Figure 5.4: (a) OPT101 photodiode and (b) sensitivity configuration.

In figure Fig. 5.5 we show the schematic of the PCB used to connect the OPT101 to the pins pf
the Crazyflie. By attaching an external resistor we can modify the default light sensitivity of the
PD.

VCC = 3V

A0 (ADC)5

8

2

3

100kW

1

Figure 5.5: PCB schematic of PD deck using an OPT101.

5.2.3 Ground truth system

We use the Lighthouse positioning system from Bitcraze to control and retrieve the ground truth
position of the UAV. It consists of two parts: the Steam VR Stations positioned above the flying
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range of the receiver and the positioning deck attached to the top of the Crazyfile, as shown in
Fig. 5.3a. The ground truth system uses the two infrared (IR) stations from Fig. 5.1a to locate the
positions of the drone and provides a high accuracy of less than 10 cm. When compared to our
proposed VLP system, these dedicated hardware stations present the following disadvantages:

1. Are more expensive (cost more than $200 USD per station compared to less than $5 USD
for an LED lamp).

2. Require careful setup and calibration.

3. Cannot leverage the existing indoor illumination infrastructure nor provide lightning for that
matter.

In conclusion, compared to Firefly, the chosen ground truth system is costly and impractical
for drone positioning in a large scale applications. However, it is an effective research tool to
benchmark the performance of Firefly and SoA methods.

5.3 Software implementation

In our testbed, the drone executes a flight route using the ground truth system as a reference.
To move from one position to the other, the Crazyflie needs to receive a position setpoint from a
remote client. This remote client is executing a python script that sends a new position setpoint
every time step based on a pre­programmed route. With this information, the Crazyflie can ex­
ecute a flight trajectory where it collects sensor data in real­time. Finally, the data log is sent to
the remote client and then to Matlab for processing. The flow of information described above is
depicted in Fig. 5.6 and the variables are clarified in the following subsections.

The main software components of our system involve the UAV, the remote client and Matlab;
which we explain hereafter. Although Firefly can run in real time in the UAV, in order to visualize
and provide statistical measurements of the trajectory we use Matlab as a tool. In addition, it
allows us to compare the performance of different methods in Chapter 6.

hbar0

Pr1-n

ax,ay,az

a,b,g

VPD

IMU

BAR

PD

Radio module
data log

set point

Remote client

Python script

UAV

data log
Matlab

VLP methodFFT task

Lighthouse deck

x,y,z

Figure 5.6: Data flow between software systems.

37



5.3.1 UAV

The PD is connected to a 12­bit analog to digital converter of the Crazyflie. We retrieve its mea­
surements by creating a FreeRTOS task next to the existing firmware, which is also based on
FreeRTOS tasks. When our task executes, 64 samples are obtained at a sampling frequency
fs of 1kHz. We rescale each sample from the ADC and convert it to a power measurement ac­
cording to the configuration displayed in Fig. 5.4b, which results in the following linear equation:

Pr =
VPD − 0.0001

0.045

[
µW

]
(5.2)

where

VPD =
ADC · Vref
2resolution

=
ADC · 3V

212
(5.3)

We use the 64 samples of the received power Pr to compute the FFT of the signal and retrieve
the RSS value from each individual LED. For this purpose, the ARM’s CMSIS DSP library is
used to compute the FFT and other dedicated operations. The CMSIS DSP library contains
signal processing functions that are readily available and allow to simplify the deployment of
embedded applications. Using the CMSIS DSP library it is possible to execute a 64 point FFT
on the available STM32F4 processor under 25µs [36], which allows for a real­time deployment.
After performing the FFT, the RSS from each transmitter is retrieved by obtaining the maxi­
mum value within a search window close to the frequency ID. For example, the RSS value for a
transmitter with a frequency ID of 60HZ will be found by searching the peak value in the window
between 50Hz and 70Hz.

Finally, the internal data of the barometer, IMU and received power is directly transmitted to the
remote client through the available radio module via the 2.4 GHz band.

5.3.2 Remote client

The remote client executes a python script which connects to the Crazyflie via radio. The
python script sends position commands to the drone as time progresses so that it can follow a
pre­programmed route. In addition, the python script also defines the log configuration of the
Crazyflie, which indicates the logging rate and the variables that are sent from the drone to the
client. In Table 5.2 we show the log configuration that was implemented.
From Table 5.2, we see that the transmitted variables have different logging rates. This is
because the FFT consumes 64ms for sampling (not execution) and for this reason we decide
to obtain a VLP estimate just once every 100ms. In the case of the IMU, the accelerometer data
can be trusted in the short term as discussed in Section 4.3, and thus it is useful to update the
height estimation at a faster rate using this data. The orientation, barometer and ground truth
variables are still sent as fast as possible, every 20ms, without overloading the transmitting
capacity of the Crazyflie.

5.3.3 Matlab

As a final step in the software implementation, the data log obtained in the remote client is
exported to Matlab, where Firefly is evaluated. To effectively use the sensor data we obtained
in the real flight tests, we pre­process the digital signals in the following manner:
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Source Variable (s) Units Logging rate Description

PD Pr1− 4 [µW ] 10 Hz Power received

IMU
ax, ay, az [Gs] 50 Hz Linear acceleration

α, β, γ [ ◦ ] 20 Hz
Orientation

(roll, pitch yaw)

Barometer hbar0 [m] 20 Hz
Altitude above sea

level

Lighthouse deck x, y, z [m] 20 Hz Ground truth position

Table 5.2: Logging rate of variables transmitted to the remote client.

• The barometer measurement is calibrated to 0m. For example, if the first value of the
barometer indicates 46.2m (above sea level) at ground level, this is the new reference of
our system.

• A low­pass filter is applied to the accelerometer to remove high frequency noise.

• A low­pass filter is applied to the received power signal to remove high frequency noise.

• We compute the mean value of the accelerometer at rest for the 2 s before lift off. The
mean value of the accelerometer in each direction (ax, ay, az) is considered the constant
sensor bias and is subtracted to subsequent accelerometer values to mitigate biasedmea­
surements and reduce accelerometer drift.

In order to use the value of the accelerometer, a rotation matrix must be applied to transform
the acceleration in the body frame of the drone (ax,y,z) to the reference frame (aref ) using the
roll, pitch and yaw (γ, β and α respectively) data, which is also obtained from the IMU. This can
be done during the execution of our method. In our case, the rotation matrix follows the East,
North, Up (ENU) convention of clockwise (CW) and counter­clockwise (CCW) rotations as it is
the one used by the Crazyflie:

aref = RENU · ax,y,z (5.4)

where

RENU = RCW
α ·RCCW

β ·RCW
γ (5.5)

We use the resulting acceleration on the vertical axis of the reference frame as one of the inputs
for the complementary filter.

After the sensor measurements have been pre­processed, we implement our proposed method
in Matlab as described in Section 4.3.
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6 EXPERIMENTAL VALIDATION

In this chapter, we evaluate Firefly and compare it with SoAmethods in an indoor testbed shown
in Fig. 5.1. We select two methods as reference: the 3D VLP with RSS method in [28] and the
2D+H VLP with RSS method in [12] which have reported favorable results, with errors below
10 cm, as previously shown in Fig. 3.4. Two metrics are used for comparison: 1) the location
error, calculated as the Euclidean distance from ground truth to the output of each method, and
2) the algorithm complexity.

In Appendix A, we describe the working principles and implementation of the other methods
used for comparison according to our notation and test setup. In Appendix B we also provide
the project repository where the software components used to perform the tests and obtain the
results presented in this thesis are available. In addition, we include a demo video to show the
drone in motion during a flight test.

6.1 Setup

We carry out 8 automated flight tests to cover a circular path of radius 0.5m and a range of
heights from 0.25m to 1.8m. In the circular route the LEDs are always within the field of view
of the PD (i.e. θ < Θc). In addition, when the drone is close to a direct LOS to an LED, the
distance is more than 0.5m to avoid saturation of the PD as shown in Fig. 6.1.

0.75m

0.25m

71.5°< Θc

1.3m LOS

Figure 6.1: Trajectory of the drone during flight tests.
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In each flight test, the drone follows the pre­programmed route from Fig. 6.1 with curves and
direction changes. As a result, we are constantly inducing tilting on the drone to test the VLP
methods in a real flight scenario. Along the trajectory, the drone is sampling the visible light
signal and executes the FFT in real time to retrieve the ID and the RSS from each LED source.

Although Firefly can run in real time in the drone, executing the three algorithms simultaneously
is too demanding. Therefore, we send the sensor data log to a remote server as previously
shown in Fig. 5.1b and use Matlab to compare them. The data transmitted from the drone is
listed in Table 5.2 from Chapter 5.

6.2 Positioning error

Fig. 6.2 shows the mean­error of three methods across the 8 different tests. We label the
method from [12] as Indirect­H and the method from [28] as 3D PSO. Firefly clearly outper­
forms the other two algorithms, in terms of the mean and maximum error achieved for all tests,
by almost a factor of ×2 and ×5 with respect to Indirect­H and 3D PSO, respectively. Firefly
and Indirect­H are closer in terms of accuracy compared to 3D PSO which evidently displays
the lowest performance of all.
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Figure 6.2: Mean­error plot for the 8 test flights.

Notice that in Fig. 3.4, in Chapter 3, the results reported by Indirect­H and 3D PSO are below
0.1m when tested in a parallel and static scenario. However, the performance of both methods
reduces significantly when tested in a mobile scenario with 6 DoF, obtaining errors around 0.4m
and 0.9m, respectively. In Fig. 6.3 we show the results of the Indirect­H and 3D PSO next to
Firefly taking into account the LED density of our test setup. We will now discuss in detail the
results obtained in Firefly with respect to each method.
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Figure 6.3: Accuracy vs LED density for different SoA studies. The curve represents the aver­
age trend of SoA studies.

6.2.1 Firefly vs. Indirect­H

Firefly Vs. Indirect­H: Let us take a close look of the Indirect­H results in one of the tests. In
Fig. 6.4, we show the height estimation of Indirect­H and Firefly, and the receiver angles during
the flight test. During the lift­off (timestep 0 to 60) and landing (after timestep 200), Indirect­H
is able to detect the monotonic changes in altitude, but to a much smaller extend compared to
Firefly. More significantly, during the route (timestep 60 to 200), Indirect­H fails to capture the
variation in the height. In contrast, Firefly closely resembles the profile of the ground truth, and
does not show any significant drift effect over the whole flight test.

Considering the measurements of all tests, the mean absolute height error for Firefly is less
than 14 cm compared to a mean error of 30 cm of the Indirect­H method. In our tests, the drone
is exposed to tilting angles up to 7◦ as shown in Fig. 6.4 (bottom). Although some of the errors
of the Indirect­H method can be attributed to tilting, the height estimation does not accurately
reflect the ground truth even when the tilting angle of the receiver is small. For example, in the
segment between timestep 100 and 150, the roll and pitch angles are less than 2°. Even though
the receiver and transmitter are close to parallel during this time, we can see that the estimated
height by the Indirect­H method does not match to the ground truth from Fig. 6.4 (top). The
error in the Indirect­H method can be further explained due to speed variations and vibrations
particular of a mobile environment, and sensitivity of the method to parameters not considered
in their model, such as optical gain of the receiver. Our approach considers the input of the
indirect method but only with a small weight ϵ to compensate drifts, c.f. Fig. 4.4. As a result,
Firefly produces an accurate height estimation using multi­sensor fusion.
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Figure 6.4: Height estimation (top) and tilting angles of the receiver (bottom) in Test 5.

In Fig. 6.5b, we now analyze the 2D position by looking at the top view of the trajectory for the
same test. The Indirect­H estimation roughly captures the circular motion of the actual drone,
but not with the amplitude seen in the ground truth. Firefly achieves a wider amplitude in the
x­y plane that is closer to ground truth. Since the 2D position of the receiver is computed with
the same RSS information in both methods, this improvement of the 2D position can be mainly
attributed to (1) an accurate height estimation using a sensor­fusion approach and (2) the con­
sideration of tilting of the receiver into the equations.

Fig. 6.5a depicts the 3D trajectory of both methods. It supports our previous analysis that Fire­
fly provides a more accurate location than Indirect­H. From the statistical measurements of the
position error of all 8 tests, Firefly improves the accuracy by around 42% as listed in Table 6.1.

Indirect­H [12] Firefly Improvement

Mean error (cm) 40.01 23.19 42.05%

Median error (cm) 41.02 23.62 42.41%

Max. error (cm) 68.98 42.52 38.35%

Std. dev. (cm) 15.68 9.64 38.53%

Table 6.1: Improvement of positioning accuracy.

43



(a) 3D Trajectory

(b) 3D Trajectory (Top View)

Figure 6.5: Firefly vs. Indirect­H [12] in Test 5.

6.2.2 Firefly Vs. 3D PSO

Firefly Vs. 3D PSO: In another test example, shown in Fig. 6.6a, we look into the estimated tra­
jectory of the 3D PSO method. 3D PSO displays the expected circular motion in the x­y plane,
but the altitude estimation is far from the ground truth, and up to the imposed upper bound of
the test area (i.e. 2m). In Fig. 6.6b, the top view of the trajectory for the same test is shown
and we see that the amplitude of the trajectory is very wide compared compared to the ground
truth. 3D PSO does not perform as well as the other methods and has a mean positioning error
of 94.54 cm.

The inaccurate results of 3D PSO can be explained because its model considers parallel trans­
mitters and receiver. In the method, the gain of the system (i.e. ratio of the received and
transmitted power) is used to estimate the x, y, z coordinates that most accurately describe the
channel loss (similar to Eq. (2.3)). However, the channel loss cannot be obtained from the power
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received directly because the distance is also affected by the height of the receiver. When the
assumptions of the model are broken, small angle variations can have a significant effect in the
distance calculation as the height is not known. Thus, the 3D position cannot be determined
precisely.

In our test, we show that 3D RSS methods are not effective strategies to determine the position
of UAVs. Although they have provided favorable results when tested under controlled condi­
tions, when tilting and movement are introduced, the position accuracy is severely downgraded.

(a) 3D Trajectory

(b) 3D Trajectory (Top View)

Figure 6.6: Firefly vs. 3D PSO [28] in Test 8.
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6.3 Algorithmic complexity

The 3D PSO method considers multiple particles (candidate solutions) that are evaluated at
each iteration. This results in multiple function evaluations and a quadratic complexity O(n2)
without taking into account additional modifications of the method. In [27] and [28], 20 iterations
of the method are allowed and a particle group size of 200 is considered in the latter study which
results in up to 4000 function evaluations.

In the Indirect­H method, the height is computed by iteratively evaluating a set of candidate
heights in the range of interest. To evaluate each candidate solution, a trilateration step is per­
formed for each height candidate. Considering the proposed resolution of 1mm and the height
of our setup (2m), this would amount to 2000 evaluations. The time complexity of this iterative
approach isO(n) if we consider that the computation time of each iteration (consisting of a trilat­
eration step) is constant. A fast search optimization of the algorithm is also proposed in [12] to
narrow the search interval. This reduces the computation time by 90% and the time complexity
improves to O(log(n)).

In Firefly, we implement the complementary filter proposed in [31] to estimate the height, which
consists of two discrete equations that can be computed in one step respectively. Then, we
execute a 2D trilateration method twice. Considering the computation time of the trilateration
steps constant (as we do for the Indirect­H method), the time complexity of the previous steps is
(O(1)). When we apply the long term drift correction for the barometer, we also use the Indirect­
H method to remove zero drift. Therefore, our algorithm has a time complexity ofO(log(n)) con­
sidering an implementation of the fast search algorithm of Indirect­H. However, in our empirical
evaluations, we find that the barometer correction can be executed less frequently without a con­
siderable impact on the positioning accuracy. This results in a time complexity of O(log(n/k)),
where k indicates that the barometer correction is executed once for every k iterations of our
method. When k = 10, we find that the mean error of Firefly only increases by 1.6 cm.

6.4 Limitations of Firefly

We have seen the benefits of using sensor data to directly estimate height and orientation com­
pared to the Indirect­H approach. Even in the worst performing flight test of Firefly (in test 7), the
positioning error is lower that in the best results obtained for Indirect­H and 3D PSO. However,
Firefly still has some limitations that will be discussed hereafter, and can serve as the basis for
future work.

In Fig. 6.7, the height of Firefly observed in test 7 resembles the altitude profile of the ground
truth, but it moderately drifts down from the actual position. We have identified this potential
problem in barometers in Section 4.3.2, which can be explained due to temperature or pressure
changes in the room, or temporary wind drafts. These variables did not have a noticeable ef­
fect during our flight tests, except in test 7, which suggest that they can occur occasionally. To
mitigate the influence of wind drafts, the barometer can be isolated from the rest of the environ­
ment with a cover. To prevent zero­drift from temperature and pressure changes in the room,
we proposed the drift correction scheme shown in Fig. 4.4, which will prevent major error drift
over a larger time window. To further remove the effects of barometer drift, different alterna­
tives for corrections can be explored. For instance, using the measurements of the Indirect­H
method where it provides accurate location results, e.g., in strictly static and parallel situations,
but avoiding forced stops that would impact the trajectory of the drone.
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The height estimation can also be further improved from the IMU measurements. In Sec­
tion 5.3.3 we mentioned that a constant bias is considered when using the accelerometer read­
ings. The constant sensor bias is obtained during a two second period where the drone is at rest,
and improves the performance of the method since sensor bias is compensated. However, ac­
celerometer bias will change too over time, and for this reason we can only trust the accelerome­
ter in the short term and we use the barometer for long term reference. If the accelerometer bias
is estimated on­line, the sensor can be trusted for longer periods of time leading to a more accu­
rate altitude estimation for the UAV. Online bias estimation has been demonstrated with positive
results, for example in [37], but further analysis is required to evaluate the cost­effectiveness of
the solution taking into account the added complexity.
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Figure 6.7: Height estimation (top) and tilting angles of the receiver (bottom) in Test 7.

Figure 6.8: Firefly vs. Indirect­H [12] in Test 7.
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Considering now the 2D position for test 7, in figure Fig. 6.8 we show the top view of the flight
trajectory. It can be seen that when the height estimation is not as accurate, the 2D position
is also affected (as in the case of Indirect­H). In our tests, we observed that when the height
estimation is above ground truth, the amplitude of the 2D trajectory tends to expand, and when
the height is below ground truth, the amplitude tends to shrink (as in Test 7). This is consistent
with Eq. (4.3), which indicates that when the height estimation decreases, the distance does
too, and vice versa. Although Firefly provides a more accurate altitude estimation than Indirect­
H, it would still benefit the 2D estimation to be more resilient to height errors. One possibility to
overcome the limitations of the 2D position, is to use the values of the accelerometer in the x­y
plane to improve the positioning accuracy.
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7 CONCLUSION

This work illustrates, for the first time, that VLC can be used for accurate 3D positioning for
drones with six degrees of freedom in a realistic experimental setup. It paves the way for using
standard light bulbs to provide navigation services for drones. A novel localization method, Fire­
fly, is proposed by building upon the line of research that decomposes a 3D positioning problem
into 2D+H. Compared to SoA studies, it removes the need of imposing complex requirements
on the transmitter and receiver designs to achieve an accurate positioning result. In addition,
it overcomes the limitation of the SoA RSS methods, which are restricted to parallel receiver
and transmitters without considering tilting. By utilizing on­board sensors on the drone, we ac­
curately estimate height and account for tilting of the receiver. The algorithm is also lightweight
and can be implemented in a drone for real­time execution. As demonstrated by the exper­
imental results, Firefly achieves mean position accuracy of 23.19 cm using off­the­shelf LED
lights and low­cost sensors. It reduces the localization error compared to other SoA methods
by around 42% under the same experimental setup.

7.1 Future work

To continue this work, some opportunities were mentioned when discussing the limitations of
Firefly in Section 6.4. The long term drift correction scheme for the barometer could be en­
hanced to exploit the favorable properties of the Indirect­H method when the drone is static.
The accelerometer bias could be estimated during flight to provide more reliable measurements
of acceleration that would result in higher accuracy of the method. The 2D position estimation
could be potentially improved utilizing accelerometer data. In addition, the wireless optical chan­
nel we considered in Eq. (2.4) can be augmented to consider other parameters of a non­ideal
environment including noise and optical gain of the receiver, which varies depending on the inci­
dence angle. In relation with non­ideal environments, the framework of Firefly can be enhanced
to be robust against ill­conditioned scenarios and multipath effects as discussed in Table 2.1.
Finally, more extensive tests, including longer time frames and different flight routes will provide
more information about the challenges of VLP with UAVs, and provide new research paths on
how to address them.
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A APPENDIX A. SOA METHODS USED FOR
COMPARISON

A.1 Indirect­H

The 2D+H method from [12] that we use as comparison for Firefly minimizes the following cost
function. The approach considers the difference between the distance for a given (assumed)
candidate height, and the calculated distance for the same height after 2D trilateration:

minimize
h

C(h) =
1

N

N∑
i=1

(
di(h)−

√
(xr(h)− xi)2 + (yr(h)− yi)2 + (h− zi)2

)2

subject to h ⪰ 0

h ⪯ 2 (height of our testbed in [m])

(A.1)

This approach allows to obtain the most likely height given a 2D trilateration result. The distance
di(h) to each i anchor point is obtained using Eq. (4.3), which assumes that the transmitter and
receiver are parallel. The final position is obtained with the following procedure:

Algorithm 1 Iterative Indirect­H method.
Require: N ≥ 3 (N anchor points)

for h = 0 : hstep : h = 2 do

1. Calculate the distance di(h) to each i anchor point with Eq. (4.3)

2. Calculate xr, yr with 2D trilateration using di(h) (similarly to Section 4.3.2)

3. Obtain the cost C(h) from Eq. (A.1)

end for

Select the h and corresponding xr, yr that minimizes C(h) from Eq. (A.1)

By iterating over the range of height values, with a resolution of hstep = 0.01m we obtain the 3D
position as a result of a 2D+H procedure.
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A.2 3D PSO

The 3D VLP with RSS method from [28] attempts to minimize the error of the following cost
function by finding the position that reduces the difference between the estimated and obtained
channel gain:

minimize
xr,yr,zr

N∑
i=1

(
HLOS

i − Pr,i

Pt,i

)2

subject to (xr, yr, zr) ⪰ 0

(xr, yr, zr) ⪯ (2, 2, 2) (size of our testbed in [m])

(A.2)

The channel gainHLOS
i is similar to Eq. (2.3), but includes the parallel assumption from Eq. (4.2)

and does not consider tilting. The distance to the i­th anchor point is calculated with the candi­
date position estimates from the PSO algorithm as the euclidean distance:

di,PSO =
√
(xi − xr)2 + (yi − yr)2 + (zi − zr)2 (A.3)

The position estimation xr, yr, zr that minimizes Eq. (A.2) is selected according to the stop cri­
teria of the PSO algorithm. Here we consider 20 iterations as in the original study.
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B APPENDIX B. PROJECT REPOSITORY

The necessary components to replicate the results presented in this thesis are contained in the
following project repository:

https://github.com/rampudia15/portfolio/tree/master/VLP_UAVs/

The FreeRTOS task that was added to the Crazyflie firmware to interface with the PD deck is
found here:
https://github.com/rampudia15/portfolio/tree/master/VLP_UAVs/C

The Python script used to control the trajectory of the drone in the remote client is available in:
https://github.com/rampudia15/portfolio/tree/master/VLP_UAVs/Python

The Matlab program used to process the data from real flight tests is available here:
https://github.com/rampudia15/portfolio/tree/master/VLP_UAVs/Matlab

VLP_method_comparison.m produces the 2D and 3D plots of a selected test and
VLP_method_comparison_stats.m computes the statistics for all 8 tests available.
No additional configuration is needed to run the scripts, although the installation of the Global
Optimization Toolbox in Matlab is required.

A demo video of the testbed during a flight test is found here:
https://github.com/rampudia15/portfolio/tree/master/VLP_UAVs/demo_video
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