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ABSTRACT

ACCURATE VISIBLE LIGHT POSITIONING
THROUGH POWER ADAPTATION OF LED ARRAYS

Ramazan YAZ
M.S. in Electrical and Electronics Engineering

Advisor: Sinan Gezici
August 2025

In this thesis, we develop power allocation strategies for asynchronous visible
light positioning (VLP) systems employing light-emitting diode (LED) arrays
with the aim of improving localization accuracy. We first review the literature on
visible light positioning in indoor scenarios. Then, we formulate an optimization
problem for minimizing the Cramér-Rao lower bound (CRLB) related to the
estimation of the receiver location subject to practical constraints on total and
individual transmission powers and required illumination levels. Due to the non-
convexity of the proposed formulation, we devise a two-step methodology. First,
a convex optimization problem is employed to determine the power allocation
that maximizes the total received power. Subsequently, a projected gradient
descent algorithm is utilized to refine the power allocation according to the CRLB
metric under the power and illumination constraints. In addition, a framework for
iterative power allocation and localization is developed for practical deployment,
in which each step of the optimization process uses the most recent position
estimate. Simulation results indicate that the proposed method can outperform
both the uniform and power maximization based allocation schemes, resulting in
improved localization accuracy over a wide range of operating conditions. Hence,
it can provide robust and high-precision indoor positioning, even in circumstances
involving asynchronous transmission and stringent illumination requirements.

Keywords: Visible light positioning (VLP), light emitting diode (LED), estima-
tion, localization, Cramér-Rao lower bound (CRLB).
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ÖZET

LED DİZİLERİNDE GÜÇ UYARLAMASI İLE HASSAS
GÖRÜNÜR IŞIK KONUMLANDIRMA

Ramazan YAZ
Elektrik ve Elektronik Mühendisliği, Yüksek Lisans

Tez Danışmanı: Sinan Gezici
Ağustos 2025

Bu tezde, konumlandırma doğruluğunu iyileştirme amacıyla ışık yayan diyot
dizileri kullanan asenkron görünür ışık konumlandırma sistemleri için güç tahsis
stratejileri geliştirmekteyiz. İlk olarak iç mekan senaryolarında görünür ışık kon-
umlandırması ile ilgili literatürü incelemekteyiz. Ardından, alıcı konumunun ke-
stirimiyle ilişkili Cramér-Rao alt sınırını (CRAS) en aza indirmeyi amaçlayan bir
optimizasyon problemini, toplam ve bireysel iletim güçleri ile gerekli aydınlatma
düzeylerine ilişkin pratik kısıtlar altında formüle etmekteyiz. Önerilen formülasy-
onun dışbükey bir yapıda olmaması nedeniyle, iki adımlı bir metodoloji tasarla-
maktayız. İlk olarak, toplam alınan gücü en üst düzeye çıkaran güç dağılımını
belirlemek için dışbükey bir optimizasyon problemi kullanılmaktadır. Bunu tak-
iben, güç ve aydınlatma kısıtlamaları altında CRAS metriğine göre güç tahsisini
iyileştirmek için projeksiyonlu gradyan iniş algoritması kullanılmaktadır. Ayrıca,
pratik uygulamalar için her optimizasyon adımında en güncel konum kestirim-
inin kullanıldığı yinelemeli güç tahsisi ve konumlandırma sistemi geliştirilmiştir.
Simülasyon sonuçları önerilen yöntemin hem eşit tahsis hem de güç maksimizasy-
onuna dayalı tahsis yaklaşımlarından daha iyi performans gösterebildiğini ve geniş
çalışma koşulları aralığında konumlandırma doğruluğunu artırdığını göstermek-
tedir. Dolayısıyla, önerilen yöntem asenkron iletim ve sıkı aydınlatma gereksin-
imlerinin söz konusu olduğu durumlarda dahi gürbüz ve yüksek hassasiyetli iç
mekan konumlandırması sağlayabilmektedir.

Anahtar sözcükler : Görünür ışık konumlandırma, ışık yayan diyot, kestirim, kon-
umlandırma, Cramér-Rao alt sınırı.

iv



Acknowledgement

First of all, I am deeply grateful to my advisor, Prof. Sinan Gezici. I am sin-
cerely thankful for his support, understanding, patience, and kindness throughout
my education at Bilkent. He was always available and communicated exception-
ally well with me. I feel extremely blessed to have him as an advisor during my
graduate studies, and to receive his guidance. I can’t express the respect and
admiration I have for him as a knowledgeable scholar and a humble mentor. It
was a privilege and an honor to work with you, thank you hocam!

Secondly, I would like to thank Prof. Tolga Mete Duman and Prof. Berkan
Dülek for agreeing to serve on my thesis defense committee and for their time
and contributions.

I also wish to express my special thanks to Türk Telekom A.Ş. for supporting
my research throughout the program.

I am also thankful to my friends Emir, İsmail Mert, Fatih, Mahmut, İsmail
Enes, Issifu, as well as all the others whose names I cannot mention. Thank you
for being there for me in my good and bad days. Your support was invaluable. I
consider each one of you as a brother.

Finally, I would like to express my gratitude to my family. I cannot thank my
mom enough. No words can express how grateful I am to her for her love, endless
support, and encouragement. My dad is a great father who is like an invincible
mountain standing behind me, supporting. Thank you both for the sacrifices you
made for me. I hope I have made you proud. I would like to thank my brothers
for putting up with me and tolerating me even though they can be justifiably
annoying at times. I know I am not easy, sorry about that.

v



Contents

1 Introduction 1

1.1 Literature Review . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

1.3 Organization of the Thesis . . . . . . . . . . . . . . . . . . . . . . 8

2 Power Allocation for LED Arrays 9

2.1 System Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2.2 Derivation of CRLB . . . . . . . . . . . . . . . . . . . . . . . . . 13

2.3 Power Constraints . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.4 Illumination Constraints . . . . . . . . . . . . . . . . . . . . . . . 16

2.5 Optimization Problem and Proposed Solution . . . . . . . . . . . 17

2.6 Iterative Power Allocation and Localization for Practical Imple-
mentation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

3 Performance Analysis of the Proposed Approaches 26

vi



CONTENTS vii

3.1 Setup Description . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

3.2 Performance of Algorithm 1 . . . . . . . . . . . . . . . . . . . . . 30

3.3 Performance of Algorithm 2 . . . . . . . . . . . . . . . . . . . . . 35

4 Conclusion and Future Work 40



List of Figures

2.1 The block diagram of the ith LED array in the considered VLP
system, where i ∈ {1, . . . , N}. . . . . . . . . . . . . . . . . . . . . 11

3.1 VLP system considered in the simulations, where there exist 4 LED
arrays each consisting of 4 LEDs. The VLC receiver is placed at
two different locations in Scenario 1 and Scenario 2 as shown in
the figure. The dashed lines are used to illustrate the orientation
vectors of the LEDs more clearly. . . . . . . . . . . . . . . . . . . 27

3.2 RMSEs of the ML estimators and the CRLBs corresponding to
uniform, power maximization and proposed (Algorithm 1) power
allocation strategies with respect to wtot for Scenario 1. . . . . . . 31

3.3 RMSEs of the ML estimators and the CRLBs corresponding to
uniform, power maximization and proposed (Algorithm 1) power
allocation strategies with respect to wtot for Scenario 2. . . . . . . 32

3.4 RMSEs of the ML estimators corresponding to uniform, power
maximization and the two proposed power allocation strategies
(Algorithm 1 and Algorithm 2) with respect to wtot for Scenario 1. 36

3.5 RMSEs of the ML estimators corresponding to uniform, power
maximization and the two proposed power allocation strategies
(Algorithm 1 and Algorithm 2) with respect to wtot for Scenario 2. 39

viii



List of Tables

3.1 Simulation parameters. . . . . . . . . . . . . . . . . . . . . . . . . 29

3.2 Transmit power parameters obtained from the power maximization
approach and Algorithm 1 for Scenario 1. The transmit parame-
ters of the LEDs that are not in the FOV of the VLC receiver in
Scenario 1 are indicated with blue color. . . . . . . . . . . . . . . 34

3.3 Transmit power parameters obtained from the power maximization
approach and Algorithm 1 for Scenario 2. The transmit parame-
ters of the LEDs that are not in the FOV of the VLC receiver in
Scenario 2 are indicated with blue color. . . . . . . . . . . . . . . 37

ix



Chapter 1

Introduction

1.1 Literature Review

Indoor localization has become a fundamental facilitator for developing location-
based services within building infrastructure [1, 2]. In indoor environments, the
reliability of satellite signals is significantly compromised in comparison to out-
door environments, where global navigation satellite systems (GNSS) are typically
more effective [3]. This discrepancy can be attributed to the fact that radio prop-
agation in such environments is characterised by a series of complex phenomena,
including attenuation, reflection, diffraction, and multipath, which significantly
impede signal transmission and reception. Therefore, there is a necessity for the
implementation of dedicated techniques, taxonomies and evaluation metrics tai-
lored to indoor environments in order to successfully execute tasks related to
localization [1–5]. The potential application areas of such tasks are extensive,
ranging from healthcare facilities (real-time location systems for patient/asset
flow and safety), advanced industrial environments and logistics (resource track-
ing and human–robot coordination), public venues (wayfinding and occupancy
analytics), retail (in-store analytics), and augmented reality (AR)/virtual real-
ity (VR) experiences that depend on precise, low-latency pose or position esti-
mates [4–8].
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Radio frequency (RF) based indoor positioning systems have been the subject
of considerable academic research in the field of indoor localization [1, 2, 4, 9].
These systems have evolved around a variety of radio technologies such as Wi-
Fi, bluetooth low energy beacons, ultra-wideband (UWB), RFID, and cellular
due to their pervasive use and cost-effectiveness [10–14]. In spite of the consis-
tent progress and considerable research that has been conducted over the course
of several decades, practical implementations continue to encounter limitations
that have been outlined in the literature. These limitations can be categorised
as follows: multipath sensitivity, calibration burden, shared-spectrum interfer-
ence/congestion and in certain contexts (e.g. hospitals/aircraft), electromagnetic
compatibility concerns [4, 12–16]. Consequently, a system that is cost-effective,
accurate and universally accessible does not yet exists. For instance, although
UWB can achieve high accuracy, it generally comes with higher device cost and
energy consumption, requires precise anchor synchronization, and exhibits perfor-
mance degradation in severe non-line-of-sight (NLOS) conditions, thereby hinder-
ing its universal adoption in large public spaces [14,17]. As a result, visible light
positioning (VLP) has gained considerable attention as a promising alternative
to RF based localization, particularly in indoor environments [18–21]. Leverag-
ing light emitting diodes (LEDs) as both illumination sources and positioning
anchors, VLP systems provide precise localization by utilizing received optical
signals from LED transmitters at known locations [21, 22]. Unlike RF based
positioning, VLP benefits from unlicensed spectrum, reduced interference, and
specific line-of-sight (LOS) properties of visible light. Additionally, VLP systems
exploit existing LED infrastructures, leading to reduced deployment costs and
energy consumption [23].

A considerable number of applications and location-based services have been
developed that incorporate VLP systems. The ubiquity and controllability of
LED light fixtures make VLP a suitable solution for high-resolution indoor
wayfinding in large public venues, such as airports, shopping malls, and mu-
seums [18]. In such environments, the ability to ensure accuracy and low latency
at either the aisle- or metre-level is crucial for effective pedestrian navigation and
accessibility services. In the field of healthcare, VLP facilitates precise tracking of
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both equipment and patients as well as monitoring the location of a mobile med-
ical device or a wheelchair [16,18]. The deployment of VLP systems in industrial
and logistics settings facilitates the localization of assets, ensures work-in-process
visibility, and provides guidance for autonomous mobile robots operating within
dense spatial reuse environments to maintain continuity in occlusions [24, 25] .
Moreover, the compact spatial confinement and elevated data density of light
attocells make VLP systems a compelling solution for room-scale AR/VR pose
anchoring and hybrid light fidelity (LiFi)/VLP services that leverage existing
lighting infrastructure. In summary, VLP is a suitable choice for applications
in smart environments, industrial automation, and intelligent transportation sys-
tems [16,26].

For a given VLP system, theoretical limits on position estimation accuracy and
optimal estimators that (asymptotically) achieve those limits have been studied
in numerous studies in the literature such as [27–38]. In [27], both received signal
strength (RSS) and angle-of-arrival (AOA) measurements are employed within a
visible light communication (VLC) system with multiple LED transmitters and
a single receiver for three-dimensional (3D) localization. The study also derives
the Cramér-Rao lower bound (CRLB) based on RSS, specifying 3D positioning
performance across various deployment scenarios. Similarly, RSS and AOA are
utilized in a 3D indoor positioning method involving a single LED array and
multiple VLC receivers in [28]. The time differences of arrival (TDOA) of the
pilot signals received from LED panels located on the ceiling are utilized to es-
timate the position of the receiver in [29]. Two-dimensional VLP based on RSS
is explored in [32] and [33], assuming a fixed receiver height. This setup employs
an aperture-based receiver, and the CRLB is derived to assess the effectiveness
of the proposed positioning algorithms. Moreover, [35] analyzes the influence
of non-line-of-sight (NLOS) components, signal-to-noise ratio (SNR), transmis-
sion distance, and the number of LED sources on the performance of RSS-based
VLP systems, providing closed-form CRLB expressions for both position and ori-
entation estimation. In [37], CRLBs and maximum likelihood (ML) estimators
are derived for both synchronous and asynchronous VLP networks considering
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direct and two-step positioning approaches. It is shown that the two-step ap-
proach is equivalent to the direct ML estimator for asynchronous VLP systems.
In addition, the work in [38] investigates joint position and orientation estimation
in RSS-based VLP systems using multiple LED transmitters and multiple VLC
receivers.

A noteworthy volume of research has been conducted in the literature on the
utilization of machine learning approaches in VLP systems in conjunction with
the methods based on visible light propagation models [39–57]. Learning-based
VLP involves the process of determining the location of an object or a subject in
relation to its surrounding environment through the use of data-driven method-
ologies such as regression methods, deep artificial neural networks (ANN), con-
volutional neural networks (CNN), k-nearest neighbors (k-NN), support vector
machines (SVM), etc. [49–57]. These approaches involve the conversion of opti-
cal features, such as received signal strength (RSS), power spectral features, or
channel state, measured by photodiodes, or image features captured by cameras,
into two-dimensional (2D)/three-dimensional (3D) coordinates. Nevertheless, the
aforementioned methods are subject to certain practical drawbacks, motivating
the development of model-based (or hybrid) alternatives. They are data-hungry,
which can incur significant costs, require substantial labour, and may not be suit-
able for all applications. Moreover, these methods are environment-specific, often
resulting in failure to generalize across buildings or the necessity of frequent recal-
ibration and relabelling [57]. Consequently, this thesis focuses on a model-based
VLP approach.

Once optimal estimators are designed for VLP systems as in [37, 38], further
improvements on localization accuracy can be achieved by optimizing the pa-
rameters of LED transmitters. In particular, a key challenge in VLP systems
is to optimize the transmission parameters of LEDs to enhance localization ac-
curacy while considering practical system constraints such as power limitations
and illumination requirements. Previous research has focused on power alloca-
tion strategies for LED transmitters to minimize localization errors by optimiz-
ing the CRLB, thereby improving positioning performance under various uncer-
tainty models [58–64]. Specifically, [59] proposes an optimal and robust power
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allocation framework for LED transmitters to minimize the localization error
of VLC receivers while satisfying practical power and illumination constraints.
This approach demonstrates significant improvements over uniform power allo-
cation strategies by leveraging convex optimization and robust design principles.
In [61], a robust power allocation scheme is introduced that jointly optimizes
positioning accuracy and data throughput under random positioning errors. By
formulating a chance-constrained optimization problem and deriving explicit re-
lationships between positioning and channel state information uncertainties, the
authors transform these probabilistic constraints into convex forms. The proposed
approach yields superior localization performance and communication reliability
in comparison with conventional uniform or non-robust allocation strategies. On
the other hand, [62] introduces a power-efficient positioning framework for VLC
networks by formulating a chance-constrained optimization problem to minimize
the total transmit power of LED arrays while guaranteeing that the CRLB on
localization errors remains below a desired threshold with high probability. This
approach accounts for stochastic uncertainties in system parameters by impos-
ing probabilistic (rather than deterministic) constraints on localization accuracy
and enables robust performance improvements over both non-robust methods and
uniform power allocation strategies.
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1.2 Contributions

Although power allocation problems have been investigated for VLP systems in
the literature such as [59, 61, 64], there exist no studies that investigate optimal
power allocation for LED arrays in asynchronous VLP systems for minimizing
the CRLB under power and illumination constraints. In this thesis, we develop
a new power allocation technique for LED arrays in asynchronous VLP systems,
which effectively performs spatial beamforming for improving localization accu-
racy by jointly optimizing the power distribution among multiple LEDs within
each array [65] . After formulating the proposed problem of power allocation
for LED arrays under practical power and illumination constraints, we solve it
in two steps. We first find an initial solution, which is obtained by solving a
convex problem corresponding to received power maximization. Then, we em-
ploy a projected gradient descent algorithm starting from that initial solution by
utilizing an explicit expression for the gradient term. In addition, we develop an
iterative version of the algorithm for practical scenarios where power allocation
and localization are performed iteratively.

The main contributions and novelty of this thesis are summarized as follows:

• We propose a power allocation (effectively, beamforming) approach for LED
arrays in an asynchronous VLP system to minimize the CRLB on position
estimation under practical power and illumination constraints.

• We derive a CRLB expression for position estimation in terms of transmit
power parameters of LED arrays, which is a non-convex function in general
(unlike the convex CRLB expression in [59] derived for transmitters with
single LEDs).

• To obtain a solution of the non-convex problem of power allocation, we first
focus on the problem of received power maximization, which results in a
convex problem and provides an initial point for the proposed non-convex
optimization problem. Then, we explicitly calculate the gradient of the
CRLB and minimize it under the power and illumination constraints via
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projected gradient descent.

• For practical deployments, we propose an iterative approach of power allo-
cation and localization, where the VLC receiver performs ML based local-
ization and the power allocation is performed based on the ML estimates.

Via simulation results, we demonstrate the effectiveness of our proposed power al-
location strategy in improving localization performance compared to conventional
uniform power allocation and received power maximization techniques.
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1.3 Organization of the Thesis

The organization of this thesis is described as follows. In Chapter 2, the problem
of power allocation for LED arrays in asynchronous VLP systems under prac-
tical power and illumination constraints is formulated, and two algorithms are
proposed to tackle this problem. In Chapter 3, simulation results are presented
and the performances of the proposed algorithms are analyzed. The concluding
remarks and proposed future research are addressed in Chapter 4.
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Chapter 2

Power Allocation for LED Arrays

In this chapter, we investigate optimal power allocation for LED arrays in asyn-
chronous VLP systems for minimizing the CRLB under power and illumination
constraints. We begin by presenting the system model upon which we base our
work. Subsequently, the derivation of the CRLB for the specified configuration is
provided. Then, we proceed to illustrate the power and illumination constraints
and formulate an optimization problem for minimizing the CRLB subject to these
constraints. Finally, we propose our methods addressing this optimization prob-
lem.

2.1 System Model

We focus on a VLP system with N LED arrays, where the ith LED array consist
of Li LEDs for i = 1, . . . , N . The location and the orientation vector of the jth
LED in the ith LED array are denoted by li,j and ni,j, respectively, which are
assumed to be known for all j ∈ {1, . . . , Li} and i ∈ {1, . . . , N}. We consider the
localization of a generic VLC receiver at an unknown location denoted by x, and
assume that the VLC receiver knows its orientation vector denoted by n̄, which
can be determined, for example, via a gyroscope [59,66].
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Considering an asynchronous VLP system, in which the VLC receiver is not
synchronized with the LED arrays [37], the aim is for the VLC receiver to estimate
its unknown location x based on power measurements of incoming signals emitted
by the LED arrays. We propose a system in which the LEDs in each LED
array transmit the scaled version of a base signal simultaneously during each
localization interval. More specifically,

si,j(t) =
√
wi,j s̃i(t) (2.1)

represents the transmitted optical signal from the jth LED in the ith LED array,
where wi,j ≥ 0 is the transmit power parameter and s̃i(t) denotes a base signal for
the ith LED array, which satisfies

∫ Ts,i

0
s̃2i (t)dt/Ts,i = 1 with [0, Ts,i] representing

the interval for the support of s̃i for i = 1, . . . , N . The block diagram for an LED
array is shown in Fig. 2.1.

Assuming a certain type of multiplexing approach, e.g., frequency or code
division multiplexing, the VLC receiver observes the signals coming from the
LED arrays separately [67,68]. Also, as in [30,37,38,69,70], only the LOS signals
between the LEDs and the VLC receiver are considered. Accordingly, the signal
received at the VLC receiver due to the signals from the ith LED array can be
modeled as follows:

ri(t) = Rp

Li∑
j=1

hi,j
√
wi,j s̃i(t− τi,j) + η̃i(t) (2.2)

for i ∈ {1, . . . , N} and t ∈ [T1,i, T2,i], where T1,i and T2,i specify the observation
interval for the signal coming from the ith LED array, Rp is the responsivity of the
photo-detector at the VLC receiver, hi,j is the channel gain of the signal between
the jth LED in the ith LED array and the VLC receiver, τi,j is the time-of-arrival
of the signal emitted by jth LED in the ith LED array, and η̃i(t) is zero-mean
white Gaussian noise with a spectral density level of σ2.

Considering practical indoor environments and LED array sizes, the dura-
tion of the optical signals in (2.1) is commonly much longer than the differ-
ences among the TOA’s of the incoming signals from a given LED array; namely,
among τi,1, . . . , τi,Li

. Therefore, s̃i(t − τi,j) ≈ s̃i(t − τi) for j = 1, . . . , Li for each
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√
wi,1

LED
Driver

LED

si,1(t)

×
√
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Figure 2.1: The block diagram of the ith LED array in the considered VLP
system, where i ∈ {1, . . . , N}.
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i ∈ {1, . . . , N}, where τi can be set to one of τi,1, . . . , τi,Li
. Accordingly, (2.2) can

be stated as

ri(t) = Rp

(
Li∑
j=1

hi,j
√
wi,j

)
s̃i(t− τi) + η̃i(t) (2.3)

Since τi’s are unknown in asynchronous VLP systems, the power of the received
signal in (2.3) can be obtained by correlating it with s̃i(t − τ) for all possible τ
values and determining the peak value, as described in [37]. Consequently, the
received power measurement at the VLC receiver due to the signal from the ith
LED array can be modeled as follows (after some normalization to remove the
constant terms for simplifying the notation) [31,66,71,72]:

PRX,i =

Li∑
j=1

hi,j
√
wi,j + ηi , i = 1, . . . , N (2.4)

where ηi is a zero-mean Gaussian noise component with a variance of σ2
i , which

is independent of ηj for all j ̸= i [72].

The channel gain hi,j in (2.4) can be expressed as

hi,j =
(mi,j + 1)A (cosϕi,j)

mi,j Ts(ψi,j)g(ψi,j) cosψi,j

2π∥x− li,j∥2
(2.5)

where mi,j is the Lambertian order for the jth LED in the ith LED array, A is the
area of the photo-detector at the VLC receiver, ϕi,j and ψi,j are, respectively, the
irradiance angle and the incidence angle for the LOS path between the jth LED
in the ith LED array and the VLC receiver, and Ts(ψ) and g(ψ) are, respectively,
the optical filter gain and the optical concentrator gain at the VLC receiver [71].
It is common to have a design with Ts(ψ)g(ψ) being a constant [71]; hence, it can
be set to unity to simplify the notation. Although the preceding expressions are
presented as if all the LEDs are in the field-of-view (FOV) of the photo-detector at
the VLC receiver, these formulations can still be used if some LEDs are not in the
FOV of the photo-detector by excluding those LEDs from the CRLB expressions
in Section 2.2. (Commonly, the LED transmitters are at the ceiling of a room,
and the VLC receiver is close to the floor level pointing upwards and having a
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FOV of 90o by using a hemispherical lens [73, 74]. Hence, most of the LEDs are
in the FOV of the VLC receiver in practical applications.)

By calculating the angles in (2.5) based on the geometric relations of (x −
li,j)

Tni,j = ∥x − li,j∥ cosϕi,j and (li,j − x)T n̄ = ∥li,j − x∥ cosψi,j, the channel
gain in (2.5) can be expressed as follows:

hi,j =
(mi,j + 1)A

(
(x− li,j)

Tni,j

)mi,j (li,j − x)T n̄

2π∥x− li,j∥mi,j+3
· (2.6)

By adjusting the transmit power parameters wi,j in (2.4), the LED arrays can
effectively form beams in specific directions. The aim is to design these power
parameters of the LEDs in each LED array for enhancing the localization accu-
racy. Since the design for a specific position estimator would not be practical, we
consider a theoretical performance metric based on the Fisher information matrix
(FIM) related to estimating the position of the VLC receiver. Such approaches
have been used in the literature extensively due to their practicality, generality,
and asymptotic relation to ML estimation [75]. In this manuscript, we consider
the minimization of the trace of the inverse FIM, i.e., CRLB, which provides a
lower limit on mean squared errors (MSEs) of unbiased estimators. It is known
that the MSE of the ML estimator converges to the CRLB in the high SNR
regime [76].

2.2 Derivation of CRLB

To derive the CRLB for the proposed setting, we first consider the received power
model given in (2.4) and obtain the log-likelihood function for the unknown po-
sition x based on the received power vector P RX = [PRX,1 . . . PRX,N ]

T (i.e., the
logarithm of the conditional probability density function of P RX given x) as [76]

Λ(x) = k̃ −
N∑
i=1

1

2σ2
i

(
PRX,i −

Li∑
j=1

hi,j
√
wi,j

)2

(2.7)

where k̃ is a normalizing constant that does not depend on the unknown param-
eter vector x.
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The CRLB on the variance of any unbiased estimator x̂ for the location of the
VLC receiver x can be expressed as [76]

E
{
||x̂− x||2

}
≤ trace

{
J−1(x)

}
(2.8)

where J(x) is the FIM for x, which is defined as

J(x) = E
{
(∇xΛ(x)) (∇xΛ(x))

T
}
. (2.9)

In (2.9), ∇xΛ(x) represents the gradient of Λ(x) in (2.7) with respect to x =

[x1 x2 x3]
T . The elements of the FIM in (2.9) can be expressed as

[J(x)]k1,k2 = E
{
∂Λ(x)

∂xk1

∂Λ(x)

∂xk2

}
(2.10)

for k1, k2 ∈ {1, 2, 3}, which can be calculated based on (2.7) as follows:

[J(x)]k1,k2 =
N∑
i=1

1

σ2
i

(
Li∑
j=1

√
wi,j

∂hi,j
∂xk1

)(
Li∑
j=1

√
wi,j

∂hi,j
∂xk2

)
(2.11)

In (2.11), the partial derivatives are given by [66]

∂hi,j
∂xk

=
−(mi,j + 1)A

2π∥x− li,j∥mi,j+3

[
n̄k

(
(x− li,j)

Tni,j

)mi,j

−mi,jni,j,k

(
(x− li,j)

Tni,j

)mi,j−1
(li,j − x)T n̄

+
(mi,j + 3)(xk − li,j,k)

(
(x− li,j)

Tni,j

)mi,j (li,j − x)T n̄

∥x− li,j∥2

]
(2.12)

where n̄k, ni,j,k, and li,j,k denote the kth elements of n̄, ni,j, and li,j, respectively.

By defining
√
wi ≜

[√
wi,1 · · ·

√
wi,Li

]T as the vector of transmit power param-
eters for the ith LED array and hi = [hi,1 · · ·hi,Li

]T as the channel gain vector
related to the LEDs in the ith LED array and the VLC receiver, we can state
(2.11) as follows:

[J(x)]k1,k2 =
N∑
i=1

1

σ2
i

√
wi

T

(
∂hi

∂xk1

∂hT
i

∂xk2

)
√
wi . (2.13)

The expression in (2.13) can be written as

[J(x)]k1,k2 =
N∑
i=1

√
wi

T
H i

k1,k2

√
wi (2.14)
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where H i
k1,k2

≜ 1
σ2
i

(
∂hi

∂xk1

∂hT
i

∂xk2

)
. As a result, we can obtain the FIM as

J(x) =


√
w

T
H1,1

√
w
√
w

T
H1,2

√
w
√
w

T
H1,3

√
w

√
w

T
H2,1

√
w
√
w

T
H2,2

√
w
√
w

T
H2,3

√
w

√
w

T
H3,1

√
w
√
w

T
H3,2

√
w
√
w

T
H3,3

√
w

 (2.15)

where
√
w ≜

[√
w1

T . . .
√
wN

T
]T and Hk1,k2 is given by

Hk1,k2 = blkdiag
(
H1

k1,k2
, . . . ,HN

k1,k2

)
(2.16)

That is, Hk1,k2 is a block diagonal matrix whose blocks are H i
k1,k2

for i =

1, . . . , N .

The FIM given in (2.15) can be written in a compact form as

J(x) =
(
I3 ⊗

√
w
)T

H
(
I3 ⊗

√
w
)

(2.17)

where I3 is the 3 × 3 identity matrix, ⊗ represents the Kronecker product, and
H is a block matrix whose blocks are the Hk1,k2 matrices; i.e.,

H =


H1,1 H1,2 H1,3

H2,1 H2,2 H2,3

H3,1 H3,2 H3,3

 . (2.18)

The aim is to minimize the CRLB in (2.17) subject to practical power and
illumination constraints, which are described next.

2.3 Power Constraints

For LEDs to operate in the linear region and to achieve efficient electrical to
optical conversion, lower and upper limits can be imposed on the transmit powers
[59]. Accordingly, the transmit power parameters are constrained as

wlow
i,j ≤ wi,j ≤ wupp

i,j (2.19)
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for all j ∈ {1, . . . , Li} and i ∈ {1, . . . , N}, where wlow
i,j and wupp

i,j denote the lower
and upper bounds, respectively. The constraints in (2.19) can also be expressed
in the vector form as

wlow ⪯ w ⪯ wupp (2.20)

by forming wlow and wupp in the same manner as w, which is defined as w ≜[
wT

1 . . .w
T
N

]T with wi ≜ [wi,1 · · ·wi,Li
]T . In addition to the individual power

constraints in (2.20), there also exist total power constraints related to power
consumption and human eye safety considerations [59], which can be stated as

Li∑
j=1

wi,j ≤ wtot
i (2.21)

for i = 1, . . . , N . The total power constraints in (2.21) can be written in the
vector form as

Bw ⪯ wtot (2.22)

where wtot ≜ [wtot
1 · · ·wtot

N ]T and

B ≜ blkdiag
(
1T
L1
, . . . ,1T

LN

)
(2.23)

with 1Li
denoting a column vector of Li ones.

2.4 Illumination Constraints

As visible light systems are commonly utilized for illumination purposes as well,
individual and average illumination constraints should also be considered. The
horizontal illuminance at location y produced by the jth LED in the ith LED
array can be calculated as follows [59]:

I i,jind(y, wi,j) =
√
wi,j φi,j(y) (2.24)

where

φi,j(y) =
(mi,j + 1)κi,jẼ

opt
i,j

2π

(
(y − li,j)

Tni,j

)mi,j (li,j(3)− y(3))

∥y − li,j∥mi,j+3
(2.25)

16



with κi,j representing the luminous efficacy (lm/W) of the jth LED in the ith
LED array, Ẽopt

i,j denoting the optical power of the base signal in (2.1), that is,
Ẽopt

i,j ≜
∫ Ts,i

0
s̃i,j(t)dt/Ts,i, and li,j(3) and x(3) being the third components of li,j

and x, respectively. Therefore, the total illuminance at y generated by all the
LEDs can be calculated as

Iind(y,w) =
N∑
i=1

Li∑
j=1

√
wi,j φi,j(y) =

√
w

T
φ(y) (2.26)

with φ(y) ≜ [φ1,1(y) · · ·φ1,L1(y) · · ·φN,1(y) · · ·φN,LN
(y)]T . If there exist M lo-

cations denoted by y1, . . . ,yM where illuminance constraints are to be satisfied,
the following set of constraints can be stated

√
w

T
φ(yℓ) ≥ Ĩℓ , ℓ ∈ {1, . . . ,M} (2.27)

with Ĩℓ specifying the illuminance constraint for location yℓ.

In addition to the individual illumination constraints in (2.27), there can also
exist an average illumination constraint over a region in the positioning environ-
ment. The average illuminance can be specified as follows [59]:

Iavg(w) =
N∑
i=1

Li∑
j=1

√
wi,j

∫
R φi,j(y)dy

|R|
(2.28)

whereR denotes the region over which the average illuminance constraint must be
satisfied and |R| represents its volume. Then, the average illuminance constraint
can be stated as

√
w

T
φ̄R ≥ Ĩavg (2.29)

where φ̄R ≜ |R|−1
[ ∫

R φ1,1(y)dy · · ·
∫
R φ1,L1(y)dy · · ·

∫
R φN,1(y)dy · · ·

∫
R φN,LN

(y)dy
]T

and Ĩavg specifies the average illuminance constraint.

2.5 Optimization Problem and Proposed Solution

Considering the power and illumination constraints given by (2.20), (2.22), (2.27),
and (2.29), and the CRLB expression specified by (2.8) and (2.17), we propose
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the following problem for optimizing the transmit powers of the LEDs:

minimize
w

trace

{((
I3 ⊗

√
w
)T

H
(
I3 ⊗

√
w
))−1

}
(2.30)

subject to wlow ⪯ w ⪯ wupp (2.31)

Bw ⪯ wtot (2.32)
√
w

T
φ(yℓ) ≥ Ĩℓ , ℓ ∈ {1, . . . ,M} (2.33)

√
w

T
φ̄R ≥ Ĩavg (2.34)

The power constraints in (2.31) and (2.32) are linear, and the illumination con-
straints in (2.33) and (2.34) are convex (as the left hand sides are concave func-
tions). Therefore, the constraints specify a convex region. However, the objective
function is not convex in general. Therefore, convex optimization techniques can-
not directly be applied to this optimization problem to obtain its solution.

At this point, two main approaches can be considered to obtain a solution
of (2.30)–(2.34). The first approach is to apply a global optimization algorithm
such as particle swarm optimization (PSO) [77] to obtain a solution. However,
the globally optimal solution is not guaranteed via this approach and it can have
high complexity when the total number of LEDs is high. Therefore, an alternative
approach is proposed as follows:

• Step 1: Obtain the optimal transmit power parameters that maximize the
total received power at the VLC receiver under the constraints in (2.31)–
(2.34) based on a convex optimization problem.

• Step 2: Use the solution of the power total maximization problem as the
initial point for (2.30)–(2.34) and implement a constrained gradient descent
algorithm to obtain the solution.

The main idea behind the proposed algorithm is that maximizing the total
received power at the VLC receiver can in general improve the localization ac-
curacy [66, Sec. III]. Therefore, it can be considered to obtain a solution that
achieves a close CRLB to that achieved by the solution of the original problem in
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(2.30)–(2.34). Hence, using the solution of the total received power maximization
problem as an initial point, it can be possible to reach/approximate the solution
of (2.30)–(2.34) via a gradient descent algorithm (although the globally optimal
solution may not be guaranteed in all cases).

In Step 1 of the proposed approach, the aim is to maximize the total received
power, which is given by

N∑
i=1

Li∑
j=1

hi,j
√
wi,j ≜

√
w

T
h (2.35)

where h ≜
[
hT

1 · · ·hT
N

]T . Therefore, the following optimization problem is to be
solved in Step 1:

maximize
w

√
w

T
h (2.36)

subject to (2.31)− (2.34)

It is noted that the objective function in (2.36) is a concave function of w. There-
fore, its maximization over the convex set of constraints in (2.31)-(2.34) leads to a
convex optimization problem. Hence, this problem can be solved rapidly via con-
vex optimization algorithms (e.g., interior point methods) to obtain its globally
optimal solution [78].

Let w∗
init denote the solution of (2.36). Then, in Step 2 of the proposed ap-

proach, the problem in (2.30)–(2.34) is initialized with w∗
init and a constrained

gradient descent algorithm is run for obtaining the solution. Before specifying
the details of the proposed algorithm, the gradient of the objective function in
(2.30) is presented in the following lemma:

Lemma: Let C(x,w) denote the objective function in (2.30), i.e., the CRLB
expression. Then, the partial derivative of C(x,w) with respect the ℓth element
of w is given by

∂C(x,w)

∂wℓ

= trace

{
−J−1(x)

∂J(x)
∂wℓ

J−1(x)

}
(2.37)
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where J(x) is as defined in (2.17) and ∂J(x)
∂wℓ

is calculated as[
∂J(x)
∂wℓ

]
k1,k2

=
1

2σ2
m
√
wm,ℓ−

∑m−1
i=1 Li

Lm∑
j=1

√
wm,j

×

(
∂hm,ℓ−

∑m−1
i=1 Li

∂xk1

∂hm,j

∂xk2
+
∂hm,ℓ−

∑m−1
i=1 Li

∂xk2

∂hm,j

∂xk1

)
(2.38)

if ℓ ∈
{∑m−1

i=1 Li + 1, . . . ,
∑m

i=1 Li

}
for m ∈ {1, . . . , N}, with k1, k2 ∈ {1, 2, 3}.

Proof: Since the CRLB is given by C(x,w) = trace
{
J−1(x)

}
, its partial

derivative with respect to wℓ can be expressed as in (2.37) [79]. Then, the partial
derivative of J(x) with respect to wℓ can be obtained based on (2.11) after some
manipulation as follows:[

∂J(x)
∂wℓ

]
k1,k2

=
1

2σ2
m
√
wm,ℓ−

∑m−1
i=1 Li

×

(
∂hm,ℓ−

∑m−1
i=1 Li

∂xk1

Lm∑
j=1

√
wm,j

∂hm,j

∂xk2

+
∂hm,ℓ−

∑m−1
i=1 Li

∂xk2

Lm∑
j=1

√
wm,j

∂hm,j

∂xk1

)
(2.39)

if ℓ ∈
{∑m−1

i=1 Li + 1, . . . ,
∑m

i=1 Li

}
for m ∈ {1, . . . , N} where k1, k2 ∈ {1, 2, 3}.

Then, reorganizing the terms in the parentheses in (2.39) yields the expression in
(2.38). □

Based on (2.37) and (2.38) in the Lemma, the gradient of the objective function
in (2.30) can be obtained as

∇wC(x,w) =

[
∂C(x,w)

∂w1

· · · ∂C(x,w)

∂w∑N
i=1 Li

]T
. (2.40)

By using the gradient of the objective function, Algorithm 1 presented below is
implemented to obtain a solution of (2.30)–(2.34).

The projection operation in line 9 of Algorithm 1 is performed to keep the
solution in the feasible region, which is a common approach for constrained gra-
dient descent algorithms called projected gradient descent [78]. It is noted that
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Algorithm 1
1: Let ζ and T denote, respectively, the step size and the number of steps for

gradient descent.
2: Let S denote the set of w that satisfy (2.31)–(2.34).
3: Solve (2.36) via an interior point algorithm [78] and obtain its solution de-

noted by w∗
init.

4: w(0) ← w∗
init

5: wopt ← w(0)

6: for t = 1 to T do
7: w(t) ← w(t−1) − ζ∇wC(x,w

(t−1))
8: if w(t) /∈ S then
9: w(t) ← argmin

w∈S
∥w(t) −w∥

10: end if
11: if C(x,w(t)) < C(x,wopt) then
12: wopt ← w(t)

13: end if
14: end for
15: Return wopt.
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this projection operation corresponds to a convex optimization problem since S
is a convex set and the objective function is convex.

In contrast to brute-force heuristics such as particle swarm optimization, the
proposed method offers a structured and efficient framework. The employment of
brute-force methods carries a risk of the algorithm being trapped in local optimum
points, thereby providing no guarantee of optimality. Moreover, as the number of
LEDs and LED arrays increases in the VLP system, these methods become com-
putationally intensive, and their performance degrades in the high-dimensional
search space [80]. The proposed approach exploits the problem structure directly,
enabling faster convergence and more effective scaling to high-dimensional LED
array configurations, which makes it more robust and practical than brute force
methods for VLP systems.

The complexity of Algorithm 1 is mainly determined by the complexity of
solving the convex optimization problems for projection (which occurs at most T
times, with T denoting the number of steps in the gradient descent algorithm),
and the calculations of the gradient in line 7 and the CRLB in line 11 of Algo-
rithm 1. In general, the CRLB and gradient calculations have lower computa-
tional complexity than the projection operation in line 9 since their complexity
mainly depends on the complexity of 3 × 3 matrix inversion (please see (2.30)
and (2.37)) whereas the projection operation involves convex optimization over a∑N

i=1 Li dimensional space with
∑N

i=1 Li being a large number in most practical
cases (e.g., 16 in the simulations in Section 3.1). Considering the interior point
method for solving the convex optimization problem, the projection operation
has a worst-case complexity of O((

∑N
i=1 Li)

3).
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2.6 Iterative Power Allocation and Localization

for Practical Implementation

The optimization problem formulated and solved in Section 2.5 requires the
knowledge of the location x of the VLC receiver, which is not available in prac-
tice. For tracking applications, the position estimate of the VLC receiver in the
previous time step can be employed to implement the proposed algorithm (Algo-
rithm 1). Then, the obtained power parameter vector w can be used to transmit
signals from the LEDs (please see (2.1)) and the resulting received powers, de-
noted by PRX,1, . . . , PRX,N , are observed as in (2.4). Based on these received
powers, the ML estimator, which can be obtained from (2.7), is implemented as
follows:

x̂ = argmin
x

N∑
i=1

1

σ2
i

(
PRX,i −

Li∑
j=1

hi,j
√
wi,j

)2

≜ argmin
x

G̃(P RX,w) (2.41)

where hi,j is a function of x as specified in (2.6), wi,j’s correspond to the
elements of w; that is, w =

[
w1,1 · · ·w1,L1 · · ·wN,1 · · ·wN,LN

]T , and P RX =

[PRX,1 . . . PRX,N ]
T , as defined before.

In the absence of tracking (i.e., without any prior knowledge about the po-
sition of the VLC receiver), localization and power allocation can be performed
in an iterative manner by implementing the following NS-step algorithm, called
Algorithm 2.

For the random initialization of the power parameter vector in Algorithm 2,
one reasonable choice can be uniform (equal) power allocation, i.e., wi,j = wtot

i /Li

for j = 1, . . . , Li and i = 1, . . . , N if it is feasible (that is, if it satisfies (2.31)–
(2.34)). Also, as the noise variances decay to zero, the performance of the position
estimator in Algorithm 2 is expected to converge, in a few iterations, to that of
the ML estimator which is based on the power parameter vector obtained by
assuming the knowledge of the position of the VLC receiver (i.e., obtained via
Algorithm 1). This expectation stems from the asymptotic optimality properties
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Algorithm 2
1: for k = 1 to NS do
2: if k = 1 then
3: Set w randomly to a point w(1) in feasible region specified by (2.31)–

(2.34).
4: else
5: Use x̂(k−1) as the VLC receiver position and implement Algorithm 1 to

obtain the power parameters, which are denoted by w(k).
6: end if
7: Transmit signals from the LED arrays according to the power parameters

in w(k) (see (2.1)). Let the corresponding received powers in (2.4) be
denoted by P

(k)
RX = [P

(k)
RX,1, . . . , P

(k)
RX,N ].

8: Implement the ML estimator for the position of the VLC receiver based
on P

(k)
RX and w(k) as follows:

x̂(k) = argmin
x

G̃
(
P

(k)
RX,w

(k)
)

(2.42)

with G̃(·) being defined as in (2.41).
9: end for

10: Return wopt and x̂(NS).
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of the ML estimator [66,76].

Since Algorithm 2 employs Algorithm 1 in each iteration, its complexity bur-
den on the VLP system for setting the parameters of the LED arrays is (NS− 1)

times that of Algorithm 1 (−1 is due to the use of the random (or, uniform)
power allocation approach in the initial step). On the other hand, the ML es-
timator is implemented at the VLC receiver as in (2.42), solving which requires
a 3−dimensional search over the indoor environment. (Since G̃ is not a convex
function of x, exhaustive search with a certain resolution can be performed.). It
should also be noted that the VLC receiver informs the VLP network about its
ML position estimate so that the power allocation can be optimized for the next
iteration.
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Chapter 3

Performance Analysis of the

Proposed Approaches

In this chapter, we present simulation results to illustrate the improvements
achieved through the proposed power allocation approach and the iterative power
allocation and localization approach. Firstly, we describe the indoor environment
in which the simulations are executed. Then, we present the results of the simu-
lations and provide an analysis of the performances of the proposed methods.

3.1 Setup Description

The indoor localization environment considered in the simulations is a room with
dimensions 20× 20× 5m3, where the lower left corner of the room is considered
as the origin, [0 0 0]T , as shown in Fig. 3.1. There exist N = 4 LED arrays on
the ceiling of the room, which are centered at [5 5 5]T m, [15 5 5]T m, [5 15 5]T m,
and [15 15 5]T m for LED arrays 1, 2, 3, and 4, respectively.

Each LED array consists of four LEDs, i.e., Li = 4 for i = 1, 2, 3, 4. The
four LEDs in each array are placed with a distance of ±5 cm with respect to the
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Figure 3.1: VLP system considered in the simulations, where there exist 4 LED
arrays each consisting of 4 LEDs. The VLC receiver is placed at two different
locations in Scenario 1 and Scenario 2 as shown in the figure. The dashed lines
are used to illustrate the orientation vectors of the LEDs more clearly.
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center of the LED array in the x and y directions. In particular, the locations
of the LEDs in LED array 1 are l1,1 = [5.05 5.05 5]T , l1,2 = [5.05 4.95 5]T ,
l1,3 = [4.95 5.05 5]T , and l1,4 = [4.95 4.95 5]T m. Similarly, the locations of
the LEDs in LED array 2 are l2,1 = [15.05 5.05 5]T , l2,2 = [15.05 4.95 5]T ,
l2,3 = [14.95 5.05 5]T , and l2,4 = [14.95 4.95 5]T m, those in LED array 3 are
l3,1 = [5.05 15.05 5]T , l3,2 = [5.05 14.95 5]T , l3,3 = [4.95 15.05 5]T , and l3,4 =

[4.95 14.95 5]T m, and those in LED array 4 are l4,1 = [15.05 15.05 5]T , l4,2 =

[15.05 14.95 5]T , l4,3 = [14.95 15.05 5]T , and l4,4 = [14.95 14.95 5]T m. It is
noted that the LED arrays are placed at the centers of the four 10m × 10m

squares that divide the ceiling of the room into four equal areas. The orientation
vectors of the LEDs in the LED arrays are arranged such that each LED is
pointed towards the closest of the 16 points which correspond to the centers the
5m×5m squares on the floor shown in Fig. 3.1. For example, the LED at location
l1,1 = [5.05 5.05 5]Tm is oriented towards [7, 5 7.5 0]Tm. Due to the symmetry,
the LEDs in each array have the same set of four orientation vectors, which can be
calculated as ni,1 = [0.4028 0.4028 −0.8219]T , ni,2 = [0.4028 −0.4028 −0.8219]T ,
ni,3 = [−0.4028 0.4028 − 0.8219]T , and ni,4 = [−0.4028 − 0.4028 − 0.8219]T for
i = 1, 2, 3, 4. The setup of the LED arrays is illustrated in Fig. 3.1, where the
dashed lines are used to demonstrate the orientations of the LEDs.

To investigate the performance of the proposed approaches in different con-
ditions, we consider two scenarios for the location of the VLC receiver. In
Scenario 1, the VLC receiver is placed at x = [14 6.3 1.9]T m while it is at
x = [5 5 1]T m in Scenario 2. In both scenarios, the orientation vector of
the VLC receiver is given by n̄ = [0 0 1], i.e., it has a perpendicular ori-
entation. The location and the orientation of the VLC receiver are shown
in Fig. 3.1 for each scenario. Since the LEDs in the LED arrays have vari-
ous locations and orientations, some of them may not be in the field of view
(FOV) of the VLC receiver in a given scenario. Specifically, in Scenario 1,
the jth LED of the ith LED array is not in the FOV of the VLC receiver if
(i, j) ∈ {(1, 3), (1, 4), (3, 3), (4, 1), (4, 3)} while all the other LEDs are in the FOV.
Similarly, the LEDs that are not in the FOV of the VLC receiver in Scenario 2
are specified by indices (i, j) ∈ {(2, 1), (2, 2), (3, 1), (3, 3), (4, 1)}, where i and j
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Table 3.1: Simulation parameters.

Responsivity of photo-detector, Rp 0.4 mA/mW
Area of photo-detector, A 1 cm2

Noise spectral density level, σ2 10−15 W/Hz
LED Lambertian order, mi,j, ∀i, j 1
LED luminous efficacy, κi,j, ∀i, j 284 lm/W
Min. LED optical power parameter, wlow

i,j , ∀i, j 5 W
Max. LED optical power parameter, wupp

i,j , ∀i, j 20 W
Individual illuminance limit, Ĩℓ, ℓ = 1, 2, 3, 4 30 lx
Average illuminance limit, Ĩavg 30 lx
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denote the indices of the LED array and the LED, respectively. Regarding the
individual illumination constraints in (2.33), M = 4 locations are specified as
y1 = [5 5 1]T m, y2 = [15 5 1]T m, y3 = [5 15 1]T m, and y4 = [15 15 1]T m.
Hence, certain illumination levels should be guaranteed at these four locations.
On the other hand, the average illumination of the room is computed as speci-
fied in (2.28) and the computation is performed over the horizontal plane of the
room the height of which is set at 1m. Moreover, in accordance with [59], [81]
and [82], the VLP system parameters employed in the simulations are given in
Table 3.1 [59,81,82].

In the simulations, the total power constraints for the LED arrays are taken to
be equal, i.e., wtot

i = wtot, for i = 1, 2, 3, 4. To provide a comparative performance
evaluation of Algorithm 1, the transmit power parameters are calculated based on
the following three approaches: (i) Uniform (equal) transmit power parameters
(i.e., wi,j = wtot/Li for i, j = 1, 2, 3, 4), (ii) Power maximization approach in
(2.34), which is solved via CVX in Matlab, and (iii) Algorithm 1 specified in
Section 2.5. Then, the CRLBs achieved by using these transmit power parameters
are obtained. In addition, the root-mean squared errors (RMSEs) of the ML
estimators in (2.41) are calculated when the transmit power parameters obtained
from these three approaches are used. Fig. 3.2 and Fig. 3.3 illustrate the CRLBs
and the RMSEs of the ML estimators for these three approaches versus wtot

considering the two scenarios for the location of the VLC receiver.

3.2 Performance of Algorithm 1

Fig. 3.2 demonstrates that when the VLC receiver is placed as in Scenario 1,
the proposed approach can yield substantial enhancements in comparison to the
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Figure 3.2: RMSEs of the ML estimators and the CRLBs corresponding to uni-
form, power maximization and proposed (Algorithm 1) power allocation strategies
with respect to wtot for Scenario 1.
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Figure 3.3: RMSEs of the ML estimators and the CRLBs corresponding to uni-
form, power maximization and proposed (Algorithm 1) power allocation strategies
with respect to wtot for Scenario 2.

32



power optimization approach and the conventional uniform power allocation ap-
proach in terms of both the CRLB and ML estimation performance.1 These en-
hancements are more pronounced at higher values of wtot since all the approaches
yield the same result of assigning 5 to all the transmit power parameters when
wtot = 20 (since wlow

i,j = 5 and wupp
i,j = 20 for all i, j). From the results in Fig. 3.2,

it is inferred that maximizing the received power at the VLC receiver location
does not always lead to the optimal localization performance. For further elab-
oration, Table 3.2 presents the transmit power parameters obtained from the
power maximization approach and Algorithm 1 for Scenario 1 when wtot is set
to 40 and 60. Upon the examination of the values in the table, it is observed
that although both of the approaches yield similar values for LED array 1, LED
array 3, and LED array 4, the transmit power parameters for LED array 2 are
significantly different. It is noted that LED array 2 is the closest LED array to
the VLC receiver in Scenario 1. The proposed approach (Algorithm 1) prioritizes
maximizing the transmit power parameter of the second LED of that array over
others, while ensuring that the transmit power parameters of the first and third
LEDs of the array are maintained at their minimum. It is important to note that
when wtot = 60, the transmit power parameter set for LED array 2 is (5, 20, 5, 20)
according to Algorithm 1, resulting in a total power of 50, which is lower than the
specified total power constraint of 60. The underlying cause of this phenomenon
can be attributed to the fact that the efficacy of the localization process is contin-
gent upon the power sensitivity of the power measurements with respect to the
the location of the VLC receiver; hence, it depends on the partial derivatives in
(2.12). Since these partial derivatives can have opposite signs for different LEDs
in a given array, increasing the power of an LED can sometimes have a destructive
effect on the localization performance [66]. Due to this behavior, the proposed
approach (Algorithm 1) converges to its optimal value at around wtot = 50. In-
creasing the total power constraint above this level does not significantly improve
the CRLB as seen in Fig. 3.2. In Table 3.2, the transmit power parameters of

1Since the possible locations for the VLC receiver within the room are constrained to a
volume of 20 × 20 × 5m3, the ML estimator conducts a search within this designated space.
On the other hand, the CRLB derivations do not presume any a-priori knowledge about the
location of the VLC receiver. Hence, the RMSEs of the ML estimator may be lower than the
CRLBs in noisy cases as in Fig. 3.2.
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Table 3.2: Transmit power parameters obtained from the power maximization approach and
Algorithm 1 for Scenario 1. The transmit parameters of the LEDs that are not in the FOV of
the VLC receiver in Scenario 1 are indicated with blue color.

(w1,1, w1,2, w1,3, w1,4) (w2,1, w2,2, w2,3, w2,4) (w3,1, w3,2, w3,3, w3,4) (w4,1, w4,2, w4,3, w4,4)

Power max.,
wtot = 40

(17.6, 12.4, 5, 5) (9.64, 5, 17.57, 7.79) (8.14, 20, 5, 6.86) (5, 12.95, 5, 17.05)

Algorithm 1,
wtot = 40

(17.6, 12.4, 5, 5) (5, 20, 5, 10) (8.14, 20, 5, 6.86) (5, 13.51, 5, 16.49)

Power max.,
wtot = 60

(20, 20, 9.16, 9.14) (18.68, 6.22, 20, 15.1) (18.6, 20, 5, 16.4) (9.14, 20, 9.16, 20)

Algorithm 1,
wtot = 60

(20, 20, 9.16, 9.14) (5, 20, 5, 20) (18.6, 20, 5, 16.4) (9.14, 20, 9.16, 20)
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the LEDs that are not in the FOV of the VLC receiver in Scenario 1 are marked
with blue color. In most cases, the minimum transmit power parameter of 5 is
assigned to those LEDs. However, when wtot = 60 and the transmit power pa-
rameters of the other LEDs are at the maximum level of 20, the LEDs outside
the FOV can be assigned any transmit power parameter value within the feasible
region (for example, [5, 10] for w1,3, w1,4, w4,1, w4,3) as these LEDs do not affect
the CRLB value. Hence, the transmit power parameters presented in the table
for those LEDs do not correspond to unique solutions.

It is also possible that the performance of the proposed approach (Algorithm 1)
can be equivalent to the power maximization approach in certain instances, as il-
lustrated in Fig. 3.3, where the location of the VLC receiver is set as in Scenario 2.
In this scenario, maximizing the received power at the VLC receiver is equivalent
to CRLB minimization and yields the optimal solution. Table 3.3 provides the
transmit power parameters obtained from the power maximization approach and
Algorithm 1 for Scenario 2 with wtot being set to 40 and 60. As demonstrated
in the table, it is evident that the two approaches result in the same transmit
power parameters. However, they still demonstrate superiority over the uniform
power allocation as noted from Fig. 3.3. Also, similar to Table 3.2, the transmit
power parameters of the LEDs that are not in the FOV of the VLC receiver in
Scenario 2 are marked with blue color in Table 3.3, and w2,1, w2,2, w3,1, w3,3 are
not unique for wtot = 60.

3.3 Performance of Algorithm 2

Fig. 3.4 and Fig. 3.5 illustrate the RMSE values of the ML estimators implemented
in the iterations of Algorithm 2 along with the RMSEs of the ML estimators
of Algorithm 1 (the case of known VLC receiver location) with respect to wtot

for the two scenarios. It is observed from these figures that, despite the initial
position of the receiver being unknown in Algorithm 2, the results produced by
it are comparable to those of Algorithm 1 after a few iterations. Fig. 3.4, which
corresponds to Scenario 1, demonstrates that the performance of Algorithm 2 gets
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Figure 3.4: RMSEs of the ML estimators corresponding to uniform, power max-
imization and the two proposed power allocation strategies (Algorithm 1 and
Algorithm 2) with respect to wtot for Scenario 1.
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Table 3.3: Transmit power parameters obtained from the power maximization approach and
Algorithm 1 for Scenario 2. The transmit parameters of the LEDs that are not in the FOV of
the VLC receiver in Scenario 2 are indicated with blue color.

(w1,1, w1,2, w1,3, w1,4) (w2,1, w2,2, w2,3, w2,4) (w3,1, w3,2, w3,3, w3,4) (w4,1, w4,2, w4,3, w4,4)

Power max.,
wtot = 40

(10, 10, 10, 10) (5, 5, 15, 15) (5, 15, 5, 15) (5, 7.5, 7.5, 20)

Algorithm 1,
wtot = 40

(10, 10, 10, 10) (5, 5, 15, 15) (5, 15, 5, 15) (5, 7.5, 7.5, 20)

Power max.,
wtot = 60

(15, 15, 15, 15) (9.15, 9.12, 20, 20) (9.15, 20, 9.12, 20) (5, 17.5, 17.5, 20)

Algorithm 1,
wtot = 60

(15, 15, 15, 15) (9.15, 9.12, 20, 20) (9.15, 20, 9.12, 20) (5, 17.5, 17.5, 20)
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very close to that of Algorithm 1 in the third iteration. Notably, even in the second
iteration, a substantial enhancement in the performance of the proposed method
(Algorithm 2) is evident when compared to both the uniform power allocation and
power maximization approaches. On the other hand, as illustrated in Fig. 3.5,
when the location of the VLC receiver is as in Scenario 2, the performance of
Algorithm 2 converges to that of Algorithm 1 in the second iteration. The third
iteration is omitted from the figure since convergence is already achieved in the
second iteration.

In summary, Algorithm 2 is shown to provide a viable solution for practi-
cal cases in which the location of the VLC receiver is unknown. These results
demonstrate the practicability and efficacy of the proposed approach, suggesting
its potential for successful implementation in practical settings.
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Figure 3.5: RMSEs of the ML estimators corresponding to uniform, power max-
imization and the two proposed power allocation strategies (Algorithm 1 and
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Chapter 4

Conclusion and Future Work

In this thesis, we presented a power allocation framework for asynchronous VLP
systems using LED arrays, with consideration of practical power and illumination
constraints. The proposed approach involved the formulation and solution of a
constrained optimization problem for minimizing the CRLB for the receiver lo-
cation while satisfying the constraints imposed by illumination requirements and
power limitations. Our two-step algorithm, which first maximizes the total re-
ceived power via convex optimization and then refines the power parameters with
a projected gradient descent approach, proved effective and practical, especially
when integrated with an iterative localization procedure. Simulation results con-
firmed that the proposed power allocation strategy consistently attains superior
positioning accuracy in comparison to uniform or purely power-based methods,
illustrating its significance for indoor localization applications.

There are several directions in which the framework can be extended in future
research. Designs that integrate positioning and data communication objectives
within a single power budget are a natural extension, particularly for lighting
infrastructures that require guidance and connectivity. Moreover, learning-based
methods can be introduced to the framework, and a hybrid VLP approach can
be developed to enhance the performance of the proposed methods and increase
precision.
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