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Abstract—The integration of Optical Intelligent Reflective Sur-
faces (OIRSs) into Visible Light Communication (VLC) systems
is gaining momentum as a valid alternative to RF technologies,
harnessing the existing lighting infrastructures and the vast unli-
censed optical spectrum to enable higher spectral efficiency, im-
proved resilience to Line-of-Sight (LoS) blockages, and enhanced
positioning capabilities. This paper investigates the problem of
localizing a low-cost Photo Detector (PD) in a VLC-based indoor
environment consisting of only a single Light Emitting Diode
(LED) as an active anchor, and multiple spatially distributed
single-element OIRSs. We formulate the problem within an
indirect, computationally efficient localization framework: first,
the optimal Maximum Likelihood (ML) estimators of the LoS and
Non-Line-of-Sight (NLoS) distances are derived, using a suitable
OIRS activation strategy to prevent interferences. To overcome
the grid-based optimization required by the ML NLoS estimator,
we devise a novel algorithm based on an unstructured noise
variance transformation, which admits a closed-form solution.
The set of estimated LoS/NLoS distances are then used within
a low-complexity localization algorithm combining an Iterative
Weighted Least Squares (IWLS) procedure, whose weights are
set according to the inverse of the Cramér-Rao Lower Bound
(CRLB), with an adaptive beam steering strategy that allows the
OIRSs network to dynamically steer the reflected NLoS signals
toward the PD, without any prior knowledge of its position.
Accordingly, we derive the CRLB for both LoS/NLoS distance
and PD position estimation. Simulation results demonstrate the
effectiveness of our approach in terms of localization accuracy,
robustness against OIRSs misalignment conditions, and low
number of iterations required to attain the theoretical bounds.

Index Terms—Visible light positioning, optical intelligent re-
flecting surfaces (OIRS), maximum likelihood estimation
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HE growing scarcity of the Radio-Frequency (RF) spec-

trum has driven the development of Visible Light Com-
munication (VLC) as a promising alternative for wireless data
transmission [1]]. Recently standardized under IEEE 802.11bb
[2], the VLC technology offers the potential to provide
high-speed broadband internet services by harnessing Light
Emitting Diodes (LEDs). Leveraging the existing widespread
lighting infrastructures — commonly found in residential,
industrial, and urban environments — VLC reduces deploy-
ment costs while simultaneously enhancing energy efficiency,
the latter being a critical requirement for next-generation
communication systems [3]. This can be achieved through the
inherent advantages of LEDs, including their extended oper-
ational lifespan and lower power consumption. Moreover, the
unlicensed VLC spectrum, spanning approximately 400-800
THz, is thousands of times wider than the RF spectrum
and enables data rates up to 10 Gbps, offering a promising
opportunity for high-capacity communication [4].

Indoor Positioning Systems (IPSs) utilizing VLC have
attracted growing interest from academia and industry due
to their immunity to multipath interference and inter-room
leakage, stemming from the high propagation loss and inability
of visible light to penetrate walls [5]. These features offer
enhanced spatial confinement compared to RF-based systems
(e.g., WiFi, Bluetooth), motivating the development of dedi-
cated VLC positioning algorithms [6].

Several signal processing techniques have been explored
for VLC-based positioning. Among them, Received Signal
Strength (RSS)-based methods are widely adopted due to their
simplicity and effectiveness, taking advantage from the strong
correlation between received optical power and distance under
low noise conditions [7]-[12]. Time-based approaches, such
as Time-Of-Arrival (TOA) and Time-Difference-Of-Arrival
(TDOA), use propagation delays from multiple anchors but
face practical challenges such as strict synchronization require-
ments, need for high-speed Photo Detectors (PDs), and vulner-
ability to multipath and Non-Line-of-Sight (NLoS) [13]-[15].
Angular methods, such as Angle-of-Arrival (AOA), exploit
direction of incoming rays but require specialized hardware
like directional LEDs or arrays, and are impaired in presence
of significant obstructions [16]-[18].

Recent studies have explored the integration of VLC with
Optical Intelligent Reflective Surfaces (OIRSs) — also re-
ferred to as Intelligent Reflective Surfaces (IRSs) or Recon-
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figurable Intelligent Surfaces (RISs) — with the term OIRS
adopted here to highlight their optical domain distinction [19].
In line with the benefits brought by RISs in the RF domain
in terms of localization [20], channel estimation [21]], and
enhanced wireless coverage [22], the integration of the OIRS
technology into VLC systems offers numerous advantages,
including enhanced channel capacity [23], [24], improved
robustness to Line-of-Sight (LoS) blockages [25], [26], and
optimized spectrum and energy utilization [5], [27]. In VLC
applications, two OIRS hardware architectures are generally
available: mirror array-based, which rely on geometric optics
with tiltable mirrors, and metasurface-based, which use sub-
wavelength dielectric structures to induce programmable phase
shifts [28], [29]. In this work, we focus on mirror array-based
OIRSs, for which practical implementations already exist [30].

A. Related Work

To exploit the potential of OIRSs in enhancing optical com-
munications, the reflected light must be accurately steered
toward the user by tuning either the tilt angles (for mirror-
array OIRSS) or the phase shifts (for metasurface-based ones).
This typically requires integration with VLC-based IPSs using
multiple LEDs as anchors. In [31], an integrated VLC/Visible
Light Positioning (VLP) framework is proposed, where the
user position is first estimated via sequential LoS RSS mea-
surements from individual LEDs, and then used to configure
the OIRS for communication enhancement. The role of NLoS
reflections is also investigated to mitigate LoS blockages,
supported by a Cramér-Rao Lower Bound (CRLB)-based
analysis under imperfect position knowledge. A number of
other works focused on OIRS-assisted localization using RSS-
based methods. In [32], an RSS fingerprinting approach is
considered, involving an offline training phase, where OIRSs
are exploited in a multi-LED scenario to enhance the dis-
tinguishability of RSS measurements across adjacent spatial
locations. An OIRS-assisted single-LED localization system
is instead presented in [33], where a sparse Bayesian learning
(SBL) algorithm jointly estimates user position, noise variance,
and sparsity under LoS blockage conditions. In [34], an RSS-
based simultaneous positioning and orientation (SPAO) prob-
lem is formulated for a single-LED, single-OIRS, and single-
PD setup, and solved via a differential evolution algorithm due
to the highly nonconvex nature of the optimization.

From a system setup and specific problem perspective,
the most closely related works employ a direct localization
paradigm, in which the user position is inferred directly
from the raw received signals. In [35], a direct Maximum
Likelihood Estimation (MLE)-based positioning method is
introduced using multiple LEDs and OIRSs, adopting a mixed
diffuse/specular model with reflections assumed near the cen-
ter of each element. An orientation adjustment mechanism
estimates the user location using multi-LED signals. However,
the Maximum Likelihood (ML) estimator requires numerical
optimization due to the lack of a closed-form solution. The
work in [36] extended [35] by analyzing the impact of
orientation mismatches in the OIRS setup, quantified through
a Misspecified Cramér-Rao Bound (MCRB). Similarly, [37]
derived a direct ML estimator for an OIRS-assisted single-
LED system using RSS measurements, under the assumption

that the PD is always illuminated by all the OIRSs reflected
paths. Moreover, [38] proposed a joint position and orienta-
tion estimation algorithm using multiple LEDs and suitable
signal separation techniques. A particle swarm optimization is
employed, with beam steering confined to a single axis with
phase shifts pre-aligned to maximize channel gain, implying
some prior knowledge of the PD location.

Finally, alternative localization approaches using different
measurements have also been explored. In [39], the authors
introduced an OIRS-assisted TDOA-based localization frame-
work. Despite requiring advanced hardware capabilities at
the PD to support high sampling rates, the method achieves
centimeter-level accuracy via cross-correlation-based delay
estimation. The framework, however, relies on a priori knowl-
edge of which reflecting element generates each delayed signal
path. To overcome this limitation, [40] addressed the challenge
of separating NLoS paths, using a suitable OIRS element ac-
tivation protocol. Specifically, NLoS power measurements are
collected by deactivating one element at a time and computing
differences of RSS, leading to a least-squares problem that can
be efficiently solved for the user position.

B. Contributions

The aforementioned works tackle the OIRS-assisted VLC
positioning problem from diverse and insightful perspectives,
but generally leverage multiple LEDs. Moreover, those sharing
a similar setup and problem perspective, adopt a direct local-
ization framework, often requiring some prior knowledge or
an initial estimate of the user position. Despite their superior
performance [41], direct methods frequently lack closed-form
solutions and rely on intensive numerical optimization, limit-
ing their applicability in low-cost VLC devices.

In this work, we take a different path and investigate the
problem of localizing a PD in an IPS setup that leverages
only a single LED combined with mirror array-based OIRSs,
spatially distributed in the environment. Our method relies on
an indirect, computationally efficient localization framework
based on suitable closed-form estimators that do not require
any prior knowledge on the user location. Moreover, we focus
on the case of single-element OIRSs, which serve as the
fundamental building blocks of larger mirror arrays. As shown
in [28], a multi-element OIRS can be indeed approximated
as the superposition of its individual elements, making the
single-element case both challenging and worth investigating
due to its limited degrees of freedom. Specifically, the main
contributions of this paper are as follows:

We derive the ML estimators of the LoS distance (be-
tween the LED and the PD) and NLoS distances (between
each OIRS and the PD), leveraging a structured activation
protocol to avoid interference among OIRSs, followed
by a successive subtraction that isolate the sole NLoS
components. To overcome the need of a grid-based op-
timization required by the ML NLoS distance estimator,
we propose a suitable relaxed ML estimator based on an
unstructured transformation of the noise variance, which
admits a closed-form solution.

An iterative localization algorithm is developed following
an indirect estimation paradigm, using the closed-form
estimates of the LoS and NLoS distances as input for a
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low-complexity Iterative Weighted Least Squares (IWLS)
algorithm. Remarkably, the algorithm operates without
any prior knowledge of the PD position, leveraging an
adaptive beam steering mechanism to dynamically orient
the distributed OIRSs toward the PD, and converges to
the theoretical bounds within a few iterations. In addition,
a theoretical complexity analysis is conducted to quantify
the computational advantages of the proposed approach.
We derive the CRLB for LoS/NLoS distance estimation
and position estimation, in a setup involving a single LED
and single-element OIRSs, and conduct an theoretical
analysis of the achievable performance. As a byproduct,
the weights of the IWLS algorithm are set based on the
inverse of the CRLB, evaluated at the estimated distances
to account for path-dependent uncertainty.

A simulation campaign is carried out to assess the per-
formance of the proposed distance and position estima-
tion algorithms in comparison with the corresponding
Distance Error Bound (DEB) and Position Error Bound
(PEB), as well as against the state-of-the-art direct ML
estimator, under different system parameters and oper-
ating conditions, including scenarios with multi-element
OIRSs. In addition, we evaluate the computational com-
plexity of all the considered algorithms in terms of their
average execution times.

The remainder of the paper is organized as follows. Sec. [[l]
introduces the system geometry, outlines the LoS and NLoS
channel models, and defines the main problem. Sec. [Il] and
[IV] present the proposed LoS and NLoS distance estimators,
including both ML and relaxed ML approaches. In Sec. [V
we conduct a Fisher information analysis and derive the
theoretical bounds for distance and position estimation. The
complete localization algorithm and its theoretical complexity
are detailed in Sec. [V} whereas its performance is assessed in
Sec. [VIIl Conclusions are drawn in Sec. V1T

Il. SYSTEM AND CHANNEL MODELS

We consider an OIRS-assisted VLC system deployed in an
indoor environment and consisting of (i) a single LED serving
as the primary light source, (ii) N single-element OIRSs [19],
[30] distributed on the walls of the room, and (iii) a PD placed
on the ground at an unknown location, as shown in Fig. [T}

A. System Geometry

The LED emitting incoherent light is located at a known
position g = [gx Q qZ]T. The n-th OIRS, described by its
width W and height H parameters (assumed the same for all
OIRSs), has its center located at W, = [Wnyx Wny Wn ]T.
The reconfigurability of the n-th OIRS is achieved through a
mechanical orientation system that allows independent adjust-
ment of its tilt angles. Specifically, , controls the vertical
tilt (pitch), adjusting the inclination of the surface relative
to the horizontal plane, while |, governs the horizontal
tilt (yaw), rotating the surface around its vertical axis, as
shown in Fig. [Ib] Leveraging this reconfigurability, we define
two distinct operating modes, controlled by a binary variable

as deactivated (a, = 0), the OIRS is tilted toward the ceiling

to prevent illumination of the area of interest (as is the case
of the OIRS placed on the rightmost wall in Fig. [Ia). In the
second mode, called active reflection (a, = 1), the OIRS is
oriented in a specific direction for controlled reflection.

The PD is located at an unknown position u = [u x uy 0]T
Accordingly, d = kg uk denotes the LoS distance between
the LED and the PD, with corresponding irradiance and
incidence angles and . The actual reflection point on the n-
th OIRS is denoted by rn =[r nx ny Inz ]T. All vectors are
expressed in the global coordinate reference system O(xyz).
To characterize the NLoS channel, r,, is computed via a
transformation between the global and local reference system
of the n-th OIRS; the corresponding derivation is provided in
Appendix[Al The distance between r, and the PD is given by
dn = kr n uk, while the distance between the LED and r
is denoted as s, = kg r k. Additionally, , represents the
irradiance angle between the LED and r,, whereas ' , is the
incidence angle between r, and the PD.

B. Visible Light Channel Gain Model
The channel gain over the LoS path (LED-PD) in a VLC
system is characterized as [19]
AT G(m+1
# cos" () cos(?); @h)
with A the light detector area and T the optical filter gain.
The Lambertian index m is computed as
1
log, cos( 1=2)° @
with -, denoting the half-intensity radiation angle. More-
over, the term G represents the gain of the non-imaging
concentrator and is expressed as
2
Go @t 0 @)
0; otherwise,

with the PD Field of View (FoV) and f the refractive index.

In indoor VLC environments, NLoS propagation is effec-
tively limited to first-order specular reflections. Because of
the nanometer-scale wavelength and the near-field operating
regime, higher-order optical reflections suffer extreme atten-
uation, making penetration, diffraction, and diffuse scattering
negligible. Therefore, multi-hop NLoS paths, such as those
arising from successive reflections across multiple OIRSs, do
not provide any useful contribution [5], [42]. The first-order
NLoS contribution is modeled using (), while accounting for
both the LED-OIRS and OIRS-PD paths as [5]

AT G(m+1)
2(sn+dn)?
with the OIRSs reflection factorP] As it can be noted, the
path loss in (@) follows an additive model [5], [28], [43]. This

h =

hy = cos" ( n)cos(’ n); (4)

1We assumed the PD to lie on the ground, so as to simplify some
of the subsequent derivations. However, other system entities (LED and
OIRS positions), as well as the LoS and NLoS distances and channel gains
are defined for generic 3D geometries. This assumption is also consistent
with practical scenarios in which the PD height is fixed and known (e.g.,
localization of mobile robots), a setting often referred to as 2.5D positioning.

2Notice that the reflection factor is real-valued since the OIRSs perform
mechanical steering, rather than applying electronically controlled phase
shifts. Therefore, the reflection does not introduce an additional phase rotation
beyond the geometric phase already accounted for in the propagation model.
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OIRS pointing
the PD

Deactivated

@)

control of the n-th OIRS via its vertical tilt angle

is justified by the fact that, in VLC systems, the wavelength
is on the nanometer scale and, consequently, typical indoor
distances let signals undergo near-field propagation conditions.

C. Noise Model

The electric current induced by the noise at the PD follows a
Gaussian distribution [6], [44]
. 2 + 2y.
RN
2
with 2 the noise power, accounting for the contribution of
two distinct sources: shot noise ( 2) and thermal noise ( 2).
The shot noise term represents a random variation in signal
intensity due to the discrete nature of particle interactions, such
as photons striking the sensor, causing fluctuations, especially
at low signal levels. This phenomenon can be expressed by
means of its variance as [6]

2=2qRP B+2ql 1B;

()

(6)

where g is the electron charge, R is the PD responsivity, B is
the bandwidth, and I ; is the current induced by th background
light. The total received power P = p h+ L aphy
includes contributions from the LoS component h and the
NLoS paths h, reflected by the active OIRSs (i.e., with
a, = 1), with p being the radiometric transmitted power.
The second term represents the thermal noise, resulting from
the thermal agitation of electrons within the PD circuit [6].
Specifically, its variance can be expressed as [45]

16 2

2= Al ,B%+ 1°-% 2A?13B3; (7
' Go g '
where is the Boltzmann’s constant, is the absolute tem-
perature, Go is the open-loop voltage gain, and is the fixed

capacitance of PD. Furthermore, % is the channel noise factor,
g the transconductance, I, and I3 are the noise bandwidth
factors [44]. It is worth noting that 2 = 2+ 2 has an
explicit dependency on both the LoS distance d and the NLoS
distances fd,g\.; (related to the OIRS-PD paths), through

n and horizontal tilt angle

(b)

Fig. 1. (a) Representative scenario of VVLC-based indoor positioning supported by a single LED and a network of N distributed OIRSs; (b) Orientation

n (the green dotted contour indicates the initial orientation of the OIRS).

the received signal power P appearing in 2. This signal-
dependent nature of the noise variance will be explicitly used
in the derivation of our estimation algorithms.

D. Received Signal

To ease the notation, we assume that the LED and the PD have
the same orientatiorﬂ [7], [43], i.e.,, cos()=cos()=q ,=d.
Accordingly, the LoS gain in (I) can be rewritten as

AT G(m+1)(q )™
2dm3 ' ®

Similarly, the NLoS contribution from the n-th OIRS in (@)

can be expressed as

AT GM+1)([@ 7 T nz)"
2s,M(sp +dp)2dy

with cog"( 1) =((@z T nz)=Sn)" and cos( n) =T nz =0h.

Leveraging and (9), the current induced at the PD by
the received optical signal can be expressed as

X

h =

h, = ©)

Mz,

=Rp h+ anh, +:

n=1
Accordingly, we define the Signal-to-Noise Ratio (SNR) in-
corporating both the LoS and NLoS contributions (originating

from active OIRSS) as
h

(10)

Py iz
Rph+ - anhn)

SNR = .

1)

E. Problem Definition

We tackle the problem of estimating the PD position u, using
information conveyed by both LoS and NLoS paths. To this
aim, an indirect (two-step) adaptive localization paradigm is
pursued: in a first step, we estimate the LoS distance d between
the LED and the PD, along with the set of NLoS distances
fdngh., , each corresponding to a signal path via the n-th

3The notation easily generalizes to arbitrary orientations, as shown in [45].
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OIRS. Then, in the second step, these estimated distances
are used to initialize a low-complexity iterative localization
algorithm. The resulting PD position estimate is then fed back
into an adaptive beam-steering strategy to dynamically adjust
the control angles |, and |, of each OIRS. This process
aims to progressively reorient all OIRSs toward the PD, so
enhancing the accuracy of the localization process.

I11. LoS (LED-PD) DISTANCE ESTIMATION

To estimate the LoS distance d, we initially consider a
configuration where all the N OIRSs are set in deactivated
mode (i.e, a, = 08n =
K 2 N independent and identically distributed (i.i.d.) samples
of noncoherent light emitted by the LED, denoted as o,

ok =Rph+

with ox N(O; &) and
Accordingly, we have o

0k » (12)

§= 2+2qRphB+2ql ;B.
N( o; 3),with ¢=Rph.
A. Maximum Likelihood LoS Distance Estimation

In this section, we derive the ML estimator of the LoS distance
d, leveraging the dependency appearing in both the channel
gain (@) and the shot noise variance term (6). To this aim,

using (©)-(8) we rewrite
s(d=a+b od); (13)

with a = T2+ b1, and b =2 q B. Furthermore, using we
make explicit the dependency of ¢(d) on the unknown d as

o(d) = W? (14)
where we collect all the known coefficients as
m+1

RpAT G(m+1)(q ;) : (15)

2

The likelihood function for the LoS distance estimation
problem is given by

P
ker (ox Wr)z

K exp YT —

L“( o;d) = f( ox:d)= — (= "mi)L ,
k=1 2(@+b gm)

(16)

with exp[] the exponential function, o =1 o1 ok I

a vector stacking the K samples and f( o ;d) denotes the
probability density function (pdf) of o« given d. The MLE
problem can be then formulated as

@ = argmin L*( o;d); 17
d

where, for convenience, we transformed the original maxi-

mization problem through the negative log-likelihood function

L“*( 0;d) £ InL “*( o;d)

R 2
0k i
k=1

2(@+b ) + (18)

K
= EIn 2 a+bdm+3

To solve the optimization problem in (I7), we seek the value
of d that satisfies @L5( o;d)=@d = 0. Given that a, b, m, d,
, and K are strictly positive real values, after some algebraic

manipulations, we obtain the following closed-form solution

2 q , e
(a+bS1)2+b2(S; S Y+ T +a+ 2
d‘”ng Z (19
2aS; +bS, ab » (19)
where we introduced the summation terms
1 X 1 X
S; = K ok, S = K (2);k3 (20)
k=1 k=1

By closely examining (I9) and leveraging (20), we note that
the sample mean of the observables, S;, and the sample mean
of their squared values, S,, serve as sufficient statistics for the
ML estimator of d. More specifically, (I9) depends on both S;
and Sy, not only as separate terms, but also through the term
(S2 S 2) capturing the sample variance of the observations.

B. Relaxed ML LoS Distance Estimation

Although the ML estimator in (I9) has a closed-form so-
lution, eliminating the need for suboptimal alternatives, we
investigate, for comparison purposes, a different LoS distance
estimation algorithm that takes advantage of an unstructured
transformation of the noise variance 3(d): it neglects the
dependence of the latter from the unknown d and, more in gen-
eral, its signal-dependent structure in (T3). Under this relaxed
model, the dependency on the sought d remains only in  o(d)
(mean of the observables), while the variance 3 is treated
as an additional unknown nuisance parameter to be estimated.
The corresponding relaxed ML (RML) estimation problem,
again formulated as an equivalent minimization problem based

on the negative log-likelihood function, can be expressed as
w P

g =argmin argmin=( o;d; 3 (21)
d 5
with
K 1 X 2
o e A 2y — 2 .

It is simple to observe that the inner minimization in (2I) with
respect to 3 is solved by

N2 — 1 )6 2
0~ K 0k
k=1
Substituting this value back in (22), neglecting unnecessary
constant terms, and considering a monotonic transformation of
the log-likelihood function leads to a compressed cost function
which, with a slight abuse of notation, is denoted by

osp gy A ?
L (oyd)—K 0k

gms ; (24)
k=1
and the RML estimation problem reduces to
d™ = argmin % o;d): (25)
d
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The solution of the RML estimation problem can be then

obtained in closed form as
r

drae = me .

S;

By directly comparing (26) and (19), it is noteworthy that,

in the case of the RML estimator, only the sample mean S;
serves as a sufficient statistic for its computation.

(26)

IV. NLOS (OIRS-PD) DISTANCE ESTIMATION

This section deals with the estimation of the distances
fd,gh.; , each corresponding to a NLoS path received by the
PD via the n-th OIRS. To prevent interference among OIRSs,
we employ a structured activation protocol in which only one
OIRS operates in acti\ge reflection mode at a time (which is
tantamount to having ", a, = 1). The activation follows
a predefined sequence known to the PD, that collects K, 2 N
samples of the incoming signals from the n-th OIRS, denoted
by nx withk=1;:::;Ky, including LoS and NLoS as

@7)

where nx N(O; 2),with 2 =a+bRp(h+h ,), denotes
the additive noise. Since the LoS path typically dominates the
received power, we first compensate for it by subtracting its
contribution, thereby isolating the weaker NLoS reflection. We
can thus take advantage of the LoS estimation step in Sec. [IT]]
and remove the estimated LoS term from (27) as

O((/D Rph nt nk;

with d being either @™ or d™-. After compensating for the
LoS component in the mean of ., the new observations
approximately follow .« N( ,; 2),with ,=Rphj.
We now observe that h, in (@) explicitly depends on the
reflection point r,, which, in turn, is a function of the
unknown PD position u. To streamline the derivation and
avoid overloading the notation, the following development of
the NLoS distance estimators is conducted with respect to r .
Later in Section [V} we will then present the complete iterative
localization algorithm that starts with an initial misalignment
— using w, in place of r, in the NLoS distance estimators —
and progressively refines the orientation of the OIRS network
toward the PD through an adaptive beam steering strategy.

nk =Rph+h )+ nx;

nk = nk (28)

A. Maximum Likelihood NLoS Distance Estimation

The ML estimator of the NLoS distance d, is derived follow-
ing the same lead of Sec. [ITI-Al More specifically, we first
make explicit the dependency of 2 on the desired d, as

fdn)=a+b[ a(dn)+ o)

where we keep using the estimate d (either @ or &™) in
place of d. Also in this case, we recast ,(dn) to expose its
dependence on d, as

n(dn) =

(29)

! .
(5 + dm)2dy (30)

with
Rp ATGM+1)(q ; T nz)" I'nyz .
2sym '

(1)

The likelihood function for the NLoS distance estimation
problem is given by

¥n

L™°( n;dn)= f( nk;dn)=
k=1
P K n . 2 #
exp AL ™ EaaZo
2 a+b e +*27(Sn+d!n) i .
-n n ' 0 & (32)
2 a+b gm+3 + (Sn+d-n)2dn
where = [ n1 nk 17 and f( nk;dn) denotes
the pdf of nx given d,. By resorting to the negative log-
likelihood function, the MLE problem is formulated as
d = argmin L"( ,;dn); (33)
dn
with
LNLDS( n;dn) = |nL NLOS( n;dn) =
Kn Kn !
= —In2 + —1In a+b +
2P 2 (sn +dn)2dy  @dm+3
Kn !
e R P )Zi (34)
2 a.+b (Sn+d!n)2dn + pioe

Unlike the LoS scenario, a closed-form solution for d, that
minimizes (33) is not available in the NLoS case. Since
LMe( ;dn) is highly non-linear, but depends only on the
unknown d,, the ML estimate " can be obtained by perform-
ing a grid search over the space of d,. To avoid the need for
numerical optimization, in the following we propose a relaxed
formulation of the ML estimator tailored to the NLoS scenario.

B. Relaxed ML NLoS Distance Estimation
Similarly to the LoS case, we adopt an unstructured transfor-
mation of the noise variance 2(d,), relaxing its dependency
on the unknown d,. As a result, ,% becomes an additional
nuisance parameter to be estimated jointly with the desired
dn. The corresponding RML estimation problem is expressed,
in terms of the negative log-likelihood function, as

d-=argmin min £ nida; 7)) (35)

dp G

with

M 5 dn; rzl): InL ™ n;dn; r2]):
1 X | 2

" (sn +dp)2d,

K
=nEe B+

(36)

The inner minimization in (35) yields a closed-form expression
for the estimate of 2 as

1 X ! 2
Kn k=1 e (sn +dp)2dn
Substituting the above estimate into (36), omitting constant

terms, and applying a monotonic transformation, we obtain
the following compressed cost function

|:N|.o$( d )_ ixn ! 2.
nyUn) — n;k 7(Sn+dn)2dn ’

A2 —
n=

@37

(38)
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and the RML estimation problem in (35) reduces to

a™ = argmin "5 ,;dy):
Minimization in (39) is conducted by differentiating
NS 5 dy) with respect to dn, manipulating the resulting
expression to obtain a more tractable depressed cubic equation
in dy, leading to the following closed-form solution

(39)

T 152 2s,
de - n 4+ —_— 40
n 3 3T, 3 (40)
P —
with Ty = & Kook, = R 2, and
q 5
= 3 BITA271+4T 183)+2T Ss3+271T 7 (41)

From (@0)—I), it is evident that, similarly to the RML
distance estimator in the LoS case, the sample mean T, of
the new observations . represents a sufficient statistic also
for the RML estimator in the NLoS scenario.

V. ITERATIVE INDIRECT LOCALIZATION ALGORITHM
WITH ADAPTIVE BEAM STEERING

In this section, we present a low-complexity iterative local-
ization algorithm based on an indirect estimation paradigm,
where the position of the PD is inferred through a two-step
process: an initial distance estimation phase, followed by a
subsequent position estimation step that leverages the distance
estimates obtained in the first stage. The algorithm operates
without requiring any prior information on u, and employs a
successive adaptive beam-steering strategy to iteratively reori-
ent the OIRS network toward the PD position. The processing
steps involved in the proposed algorithm are detailed in Sec.
[V-A] while Sec. [V-B| presents a theoretical analysis of the
associated computational complexity.

A. Algorithm Description

LoS & NLoS Distance Estimation: Following the indirect
localization paradigm, the first stage involves the estimation of
the LoS distance d, as well as of the NLoS distances fd , g\, .
The former is carried out by setting all N OIRSs in deactivated
mode (a, = 0;8n), and using either the ML estimator (d“L in
(T9)) or the RML estimator (& in (28)). Once an estimate
of the LoS distance is obtained, the algorithm proceeds with
the NLoS distance estimation, using either the ML estimator
derived in Sec. [TV=A] or the RML estimator in Sec. TV-B] At
this point, we observe that both the ML cost function in (34) —
whose numerical minimization with respect to d, for each n-th
OIRS-PD link yields the ML estimate — and the closed-form
RML estimator in (40)-(41I) depend on the reflection point
I, which in turn is a function of the unknown PD position
u. Consequently, a direct evaluation of the NLoS estimators
would require some form of a priori information about u.
This limitation is particularly critical at the beginning of the
localization procedure, when no estimate of u is yet available.
To overcome this need, we propose to initially evaluate
the NLoS distance estimators using w, in place of r, —
assuming that all OIRSs are already perfectly steered towards
the PD position — which leads to having d, = kw , uk

and s, =kg w pkin place of dy and s, in (34) and (40)-
(47), respectively. This is tantamount to paying the price of an
initial misalignment as a trade-off to enable the estimation of
the NLoS distances as either f &g, or f &g\, , without
any prior information on u. This initial approximation is
progressively refined over the iterations of the localization
algorithm through a suitable adaptive beam steering strategy,
which will be presented later in this section.

Position Estimation: Once the PD has obtained the estimates
of the LoS and NLoS distances — denoted, for notational
convenience, by d and fd, g\, , respectively (with their exact
values depending on the chosen estimation method, either
ML or RML) — it proceeds to estimate its own position.
To this aim, we stack the estimated distances into a vector
d=144: du]T 2 RN*! and set up a system of N +1
(with N 2 to make the problem well-posed) nonlinear
equations linking d with the sought PD position u as

@ =f(u)+; (42)
with =] 1 n]T denoting the vector of the generic
errors associated to the LoS and NLoS distance estimation
process, respectively, d2 the element-wise square of d; and
the nonlinear vector function f(u) 2 R N*1 s given by

fuy= ku gk 2 ku w 1k%  ku w Nk

(43)
It is worth noting that, in this step, we rely solely on the known
positions of the OIRSs and the LED, as these are system
parameters that we can control, whereas no prior knowledge of
the PD position is required. The PD position is then estimated
by solving a Weighted Least Squares (WLS) optimization
problem formulated as

¢ =min (u) TW (u); (44)

where (u) £ d2 f(u), and the diagonal weighting matrix

W will be set according to the inverse of the CRLB associated
with the distance estimation problems, whose derivation is
proposed in Sec. [VIl Considering the limited computational
capabilities available on a low-cost PD, we solve (44) using a
low-complexity IWLS approach. More specifically, denoting
with @@ the PD position estimate at current iteration i, we
employ the following iterative update rule [46, Ch. 8]

@l = gl + (H IYTwH [ ' HMHTw 0 (45)

i (i @f(u) i M =
with H @ - g0 the Jacobian of f(u),

d2 f( e, and f(u) f( oMy +H Bwu aD). The
IWLS algorithm stops when the difference between the current
and the updated estimate @*1 @l <" for a predefined
threshold " or if a maximum number of iterations is reached.

OIRS Adaptive Beam Steering: The PD position estimate ¢
obtained via the IWLS procedure is subsequently exploited
to adaptively steer the beams of all N OIRSs toward the
estimated PD direction. In particular, the tilt angles , and

n of each n-th OIRS are reconfigured by aligning its surface
normal vector to an optimal bisector direction between the
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Alg. 1 Iterative Localization with Adaptive Beam Steering

1: Input: LED position g, OIRS positions fw ,g\., , thresh-
old ", maximum iterations | max

2: Output: Estimated PD position &
Step 1: Distance Estimation

3: Deactivate all OIRSs: a, 0; 8n

4: Estimate LoS distance d with (ML) or (28) (RML)
using o

5: forn=1;:::;N do

6: Activate the n-th OIRS: a, 1

. | Estimate NLoS distance d, with (33) (ML) or (@0)
(RML) using r, w ,and

8: Deactivate the n-th OIRS: a5, 0

9: end for

10: Assemble distance vector: d [ & 8y AT
Step 2: Position Estimation via IWLS

11: Initialize #° (e.g., random or centroid of OIRSS)

12: fori=0to | max 1 do

13: | Compute [ and the Jacobian H [l

14: Set weights W according to inverse of CRLB

evaluated in d and fd,g\_,

15: IWLS update of position estimate using (45)

16: if ka1l @llk <" then
17: | break

18: end if

19: end for

20: Final estimate: ¢ @[+
Step 3: OIRS Adaptive Beam Steering

21: forn=1;:::;N do

22: Employ (121_6[) to compute normal vector of n-th OIRS

23: Update OIRS tilt angles according to (@7)

24: end for

25: Return to Step 1 with updated OIRSs angles for position
estimate refinement

LED and the estimated PD position. This is achieved by setting
the unit normal vector o,, of the n-th OIRS as

qW n
kgw nk

dw
kdtw nk

On = F (46)

qW n
kgw nk

[
kdw .k

2+2

Accordingly, the tilt angles are updated based on the orienta-
tion of the unit normal vector o, as follows

n=sin! (0fes); n=sin® (0jes=cos(n)); (47)
with € (with either j = 1 or j = 3) denoting the j-th
canonical basis vector in R31 . This adaptive reconfiguration
steers each OIRS with the aim of compensating for the initial
mismatch between the actual reflection point r, and the
geometric center of the n-th OIRS, w,. Notably, when the
estimated position & closely approximates the true PD position
u, the beam steering strategy defined in (46} and (f7) naturally
drives the reflection alignment towards r, uw ,; 8n.

Check and Iterate: After executing all the preceding steps,
the PD uses a simple criterion to determine whether a further
refinement of its position estimate is required. Among various
possible stopping conditions, we adopt a threshold on the
Euclidean distance between the current and previous PD

position estimates, that is, the localization procedure stops
when no significant changes in & occur, meaning that an
additional reconfiguration of the OIRSs is no more beneficial.
We anticipate that, remarkably, the proposed algorithm needs
a very few iterations to improve the quality of the PD position
estimate; we denote by M the total number of such iterations.
The main steps of the proposed localization algorithm with
adaptive beam steering are summarized in Alg. [1}

B. Computational Complexity Analysis

In this section, we analyze the computational complexity of
the iterative localization algorithm with adaptive beam steering
proposed in Sec. [V-Al To conduct the analysis, we separately
inspect each individual step of the approach, as follows.
Complexity of Distance Estimation: As the first step of our
algorithm, we obtain the ML estimate of the LoS distance
d using the expressions in (I7)-(I8). Owing to its closed-
form nature, the ML LoS estimator involves only simple
arithmetic operations, resulting in an asymptotic complexity of
O(K), associated tg the cost required to corp,pute |ts sufficient
statistics S, = % K El ok and S, = K— kel Ok

After estlmatlng the LoS distance, the next step involves

For each NLoS component n (originating from the n-th active
OIRS), the computational cost of the ML NLoS estimator
derived in Sec. scales asymptotically as O(Q K,),
where O(K ;) accounts for the processing of the K, NLo0S
samples in , according to (32), while Q denotes the number
of grid evaluation points used to perform the minimization
in (33). Consequently, when applied to all N NLoS paths,
the togl computational cost of the ML NLoS estimator is
O Q Ezl Kn = O(Q K ). On the other hand, the
proposed RML NLoS estimator, provided in (40)-(41) of Sec.
[IV-B] eliminates the need for a grid search and, remarkably,
reduces the overall asymptotic complexity to O(K ).

Complexity of Position Estimation via IWLS: Each itera-
tion of the IWLS position estimation algorithm requires the
evaluation of the update rule in (@5), which entails matrix
multiplications between the N 2 Jacobian matrix H [ and
the N N weighting matrix W . This results in a per-iteration
computational cost on the order of O(N 2). Considering a
number of iterations | (upper bounded by | nax), the overall
cost of the IWLS algorithm is O(I N ?2).

Complexity of OIRS Adaptive Beam Steering: The final
OIRS re-alignment step introduces only an additional O(N)
term, which arises from the computation of the updated unit
normal vectors op, according to (46), and the corresponding
OIRS tilt angles , and |, using @7).

Complexity of Iterative Position Estimate Refinement: The
PD position estimate obtained through the IWLS procedure
can be further refined by iteratively reapplying the localization
algorithm after all N OIRSs have been adaptively steered
toward the estimated PD direction. As discussed in Sec. [V-A]
the iterative process terminates when an additional reconfig-
uration of the OIRS network no longer yields a significant
improvement in the position estimate. The overall asymptotic
computational complexity of the proposed iterative localiza-
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tion algorithm with adaptive beam steering is thus given by
OMK+K +I N ?); (48)

with M the total number of iterations. It is worth noting that
the above expression highlights the low-complexity nature of
the proposed approach: as it will be confirmed by the numeri-
cal results in Sec. [VTI} the number of iterations M required to
refine the PD position estimate is very low (as small as two or
three). As to the number of collected samples K and K, they
are also limited to a few hundreds, and the number of OIRSs
N — with respect to which the complexity scales quadratically
— is clearly very modest. Conversely, if the ML NLoS
estimator is employed, the expression of the overall asymptotic
complexity becomes O M(K+Q K +1 N 2) and the
number of grid points Q becomes a dominant contributor to
the overall computational burden, markedly increasing the total
complexity.

VI. CRAMER-RAO LOWER BOUND

In this section, we derive the Fisher Information Matrix
(FIM) and the corresponding CRLB for both i) LoS and NLoS
distance estimation, and ii) PD position estimation. These
results lead to the definition of the DEB and, subsequently,
the PEB. Both the DEB and PEB will be used in Sec. [VII] as
performance benchmarks for the proposed algorithms.

A. Distance Error Bounds

We start by deriving the DEB on the estimation of the LoS
distance d, knowing that any unbiased estimator § of d has a
Mean Squared Error (MSE) lower bounded by [46]

E[d d)? 3,

where E[ ] denotes the expectation operator. The Fisher infor-
mation Jg4 for the LoS model is

@InL“( o;d)

(49)

Jd =E @a
_ K(m+3) ZSNRo(e)(_ 3(d)+b?=2)
- @ 3 -0

with SNRy(d) £ 2(d)= 3(d) the SNR in the LoS case
(whose expression easily follows from (II), after setting
an = 0;8n). Accordingly, the DEB on d is given by
q___
DEB()= J4 : (51)
From (50) and (5I)), we observe that the DEB exhibits intuitive
scaling behavior: it decreases as the number of observations
K increases or under higher SNR conditions, while it grows
with increasing d (considering a fixed transmit power p).
Similarly, any unbiased estimator d, of the NLoS distance
dn can achieve MSE performance lower bounded by E[(d},
dn)?] J dln , with the Fisher information for the NLoS model

@InL"%( n;dn
e = E T
K n SNRy (dn)(Sn +3d0)2( 2(dy) +b2=2)

- @Sy +dn)2 2(dn) 2

where SNR, (dn) £ 2(dn)= 2(dy) captures the SNR of the
NLoS reflection generated by the n-th OIRS (obtained from
(TII) by setting only the n-th coefficient a, = 1, with all
others set to zero, and after LoS compensation, as per (28)).
Accordingly, the DEB on d, is given by
T

Jg, -

DEB(d,) = (53)

Despite its slightly more involved structure, (52) shares a
similar scaling behavior with (50), with the accuracy in the
estimation of d,, that tends to improve as SNR; (dy,) increases
or as more observations K, are available, whereas it degrades
at a faster rate than (50) as dy, increases, owing to the increased
path loss over the reflected path.

As anticipated, the DEB for both LoS and NLoS distance
estimation is used to set the entries of the weighting matrix W
in the IWLS update rule (@5), specifically as wo = 1=DEB( d§
and w, = 1=DEB(d,), where d and fd,g\, are the
distances estimated via either the ML or RML approach.

B. Position Error Bound

Letd=[dd; dn]" 2RN*1  denote the vector stacking
the unknown LoS and NLoS distances. The joint likelihood
function, accounting for all the information associated to the
LoS and NLoS paths, can be expressed as

L(:d)=L

LoS( O,d) LNLuS( n,d,dn),

n=1

(54)

where , =[ na nk ] is the vector stacking the K,
samples of the signals received by the PD via the n-th OIRS,
in the form of (27). The complete FIM J4 2 RN*D (N+D)

in the distance domain is defined as

InL(;d
see @NLGO
2 @d@d 3
& InL(;d) @& InL(;d) & InL(;d)
d@d d d
@ Ir%-(:@g) @ f?bi.(@cf)j @ I@F? L(@?t'f)
- E @d.@d @q.@q @q@eh © (55)
@& In L.( ,d) @ In Ll( ,d) @& In L.( o))
@d @d @d @d @d @d

The expression for each entry of J4 is given in Appendix [B]

We now derive the FIM in the position domain by means of
a transformation from the vector of distances d to the vector
of location parameters =[u y uy]". The FIM of follows
by applying a 2 (N + 1) transformation matrix T as

J =TI 4T, (56)
where
T @: @d=Qu @d=-@u Qd=@u . (57)
@ @d=Qu @d=-@y Qe =@y ’
with
@d_ ux qx. @d_u qy.
@y ku gk ’ @y ku gk ’ 8)
@d _ ux T onx . @d _ uy 1oy,
@y kur k' @y kur .k (59)
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Finally, the PEB is given by
q
PEB =

r Jt ; (60)

with tr( ) the trace operator.

VII. SIMULATION RESULTS

In this section, we present simulation results to evaluate
the performance of the proposed LoS and NLoS distance
estimators — both ML and RML — and of the complete
iterative localization algorithm with adaptive beam steering,
in comparison with the theoretical bounds derived from the
Fisher information analysis conducted in Sec. [VI} as well
as with the state-of-the-art direct ML localization approach.
We consider an indoor localization scenario representative
of a room with dimensions 5 5 3m. A single LED
is mounted on the ceiling at position g = [2:5 2:5 3]T m.
Initially, the environment includes only one (N = 1) OIRS
installed on a wall at position w; =[2:5 0 1:5] m. The OIRS
has dimensions of 1 1m and is initially oriented such that
its normal vector o1, as defined in (46), is aligned with the
normal to the x-z wall plane, i.e., 1 =0and 1 =0. Unless
otherwise stated, all the results in this section are averaged
over 10* independent Monte Carlo trials, using the following
setting of system parameters: =70 , 1, =70 ,f=1:5,

=095 A=02cm 2, R=0:54A=W, T =1, 1, = 5pA,
I, = 0:562, I3 = 0:0868, = 295K, Gy = 10, % = 1.5,
g =30mS, =112pF=cm? and B = 5MHz [44], [45].

A. Distance Estimation Performance

The analysis begins by evaluating the performance of the
LoS/NLoS distance estimators proposed in Sec. [[Tl] and [TV]

1) LoS Distance Estimation Analysis

Fig. [2] illustrates the performance of the ML and RML
LoS estimators, given in (I9) and (26), respectively, for a
PD located at u = [3 3 0]". The results are presented in
terms of the Root Mean Squared Error (RMSE) as a function
of the SNR, considering three different sample sizes, namely
K 2 f1;2;5¢g, and are compared against the DEB derived
in (5I). The topmost (blue) curves in Fig. [2] reveal that
both ML and RML achieve satisfactory estimation accuracy
over all the considered span of SNR and, notably, attain the
theoretical bound already at SNR  15dB, despite relying
on only a single observation (i.e., K = 1). As the number
of samples K increases, both estimators exhibit enhanced
accuracy and approach the DEB at progressively lower SNR
values. Specifically, for K = 5, the estimators attain the
DEB at SNR = 10dB and provide a RMSE close to cm-
level for high SNR values. Overall, the RMSE is reduced by
approximately 58% for K = 3 and by 67.7% for K = 5,
compared to the single-sample case (K = 1). On the one
hand, these results show that the proposed estimators provide
accurate LoS distance estimation even with a very small
number of samples K. On the other hand, it is worth noting
that the RML estimator achieves performance comparable to
that of the ML estimator, despite relying on a sub-optimal
processing — resulting from the relaxation introduced in the
signal model, as discussed in Sec. [[TT-B| — based only on the
sample mean S; as a sufficient statistic.

S E- dRML ¢ gmu DEB(d) K = 1]
- B~ dRVL —¢— ML -~ .- DEB(d) K = 3]
aRML d\ML DEB(d)
2 | |
10 10 12 14 16 18 20 22 24
SNR [dB]

Fig. 2. RMSE of the ML and RML LoS distance estimators, along with the
corresponding DEB, as a function of the SNR, for different values of K.

- - @M - gt - - DEB(dn)[K 1 = 5]
10t | - B~ ML ¢ ML -~ - DEB(dn) K 1 = 20] 1
\TE' grme L DEB(d ) ,3,/’ B

RMSE [m]

\
70 80 90
Azimuthal Angle [ ]

100 110

Fig. 3. RMSE of the ML and RML NLoS distance estimators, along with the
corresponding DEB, for different values of K 1, as a function of the azimuthal
angle representing the change in the PD position along a circular arc.

2) NLoS Distance Estimation Analysis

We now analyze the performance of the ML and RML NLoS
estimators given in (33) and (40). As discussed in Sec.[V] both
estimators are evaluated using w1 in place of r; to overcome
the need of any prior information on u. To analyze the impact
of this misalignment, we let the PD having a fixed distance
of 2:5m from the OIRS center — so that any impact on the
performance can be mainly attributed to the pointing mismatch
— and then vary its position along a circular arc. Fig. [3]
shows the RMSE as a function of the azimuth angle (capturing
the variation in the PD position along the circular arc), for
different values of collected samples K, 2 5;20;80g. The
results are obtained for a fixed transmit power pyy,; = 1000 Im
(converted to photometric power in lumens), keeping the initial
orientation of the OIRS, namely ; =0and ;=0.

The RMSE curves in Fig. [3] indicate that both the ML and
RML NLoS distance estimators closely approach the DEB for
an azimuthal angle equal to 90, which corresponds to the
configuration where the OIRS is perfectly aligned with the
PD located at u = [2:5; 2:5; 0] (i.e., center of the room), when
r; = wi and no misalignment is present. Remarkably, this
behavior is observed even for the most challenging case among
the three, namely when only K; = 5 samples are available.
Although the DEB increases due to the reduced sample size
(as evident from (52)-(53)), both the algorithms still attain
it, highlighting their good performance even for a very small
sample size. As the azimuthal angle deviates from the optimal
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- 8- dRML ¢ ¢ML -~ - DEB(dn ) [K 1 =20]
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Fig. 4. RMSE of the ML and RML NLoS distance estimators, along with the
corresponding DEB, for different values of K 1, as a function of the horizontal
distance between the PD and the OIRS.

alignment, the mismatch in the OIRS orientation leads to a
gradual increase in the gap between the RMSE and the DEB.
Nonetheless, it is notable to observe that the estimators main-
tain RMSE values close to the DEB within a certain angular
interval and, overall, exhibit an estimation error that remains
limited to the order of a few centimeters even for OIRS
orientation errors as large as 20 . From these results, we can
outline that the estimators exhibit a good robustness against
OIRS misalignment conditions; consequently, the resulting
NLoS distance estimates can be effectively used (together with
an estimate of the LoS distance) to compute an estimate of the
PD position via the IWLS algorithm, which is subsequently
refined through the iterative localization process proposed in
Sec.|V] Fig. [/ further highlights that, also in the NLoS case, the
proposed RML estimator guarantees an accuracy practically
identical to that of the ML estimator. This is a remarkable
outcome, as the RML estimator admits a closed-form solution
(given in (@0Q)), in contrast to the ML estimator, which requires
a numerical grid search to be implemented (as per (33)).

To corroborate the analysis on the impact of the OIRS
misalignment, we now consider a different setup where the
azimuthal angle is fixed at 90 , while the horizontal distance
between the OIRS center and the PD is varied by progressively
moving the position of the latter away along the y-axis. Fig.
[4) reports the RMSE curves as a function of the horizontal
distance, under the same settings of p and K1 used in Fig. [3]
In line with the results presented in Fig. [3} the RMSEs of both
estimators closely approach the DEB at a horizontal distance
of 2:5m, where the OIRS is perfectly aligned with the PD. A
noteworthy trend emerges as the horizontal distance decreases
below 2:5 m: while the DEB continues to decrease — owing to
improved SNR conditions resulting from reduced propagation
loss, given the fixed transmit power p — the RMSEs of the
estimators instead exhibit a progressive increase. This apparent
discrepancy underscores the influence of the OIRS orientation
mismatch in the NLoS estimators: although the received
signal becomes stronger, the growing impact of the OIRS
misalignment leads to increased RMSEs, practically overriding
the benefits of a higher SNR. On the other hand, for horizontal
distances greater than 2:5m, the performance is affected by
both reduced SNR and increased OIRS misalignment, resulting
in a general upward trend in the RMSE curves.

- B dRML ¢ M - DEB(n)[K 1 = 1]
- B~ dRML 3¢ M- .-~ DEB(dn)[K 1 =3
grML e DEB(dn ) @

|
30 35 40 45 50 55 60
SNR [dB]

‘ (b)

30 35 40 45 50 55 60
SNR [dB]

Fig. 5. RMSE of ML and RML NLoS distance estimators, compared against
the DEB, for different values of K 1, as a function of the SNR with (a) initial
orientation of OIRS and (b) OIRS perfectly steered toward the PD.

To conclude the analysis, in Fig. 5| we illustrate the trend of
the RMSE as a function of the SNR, for a fixed PD position
u =[330]T, and considering the same lower number of
samples as for the LoS case, i.e., K; 2 f1;3;5g. More
specifically, the results in Fig. [5(a) are obtained by keeping
fixed the initial orientation of the OIRS (namely ; = 0
and 1 = 0), which thus gives rise to the presence of a
mismatch in the NLoS estimators. As evident from the topmost
(blue) curves, in the challenging scenario with only K; =1
sample, both ML and RML estimators exhibit relatively higher
RMSEs, with the former offering slightly better accuracy
over the latter, though at the cost of a greater computational
complexity. From SNR 35 dB, the RML estimator provides
an accuracy close to that of the ML, and both estimators
closely approach the DEB. Notably, increasing the number
of samples to just K; = 3 proves sufficient to close the
initial gap between the RML and ML estimators. However, for
SNR values beyond 45 dB, the estimators incur a performance
saturation, regardless of the number of processed samples K ;.
This plateau arises from the inherent model mismatch in the
NLoS estimators, due to the use of w, instead of the actual
rp. As commonly observed in mismatched or misspecified
estimators (e.g., [47], [48]), such a discrepancy imposes a
fundamental limit on the achievable RMSE, independent of
the available SNR or sample size. As further confirmation, in
Fig. B(b) we report the RMSE curves when the 1 and 1
angles of the OIRS are adjusted to steer the beam towards
the PD position. As it can be noticed, the plateau disappears
and the RMSEs keep decreasing as the SNR increases, with
the estimators achieving cm-level accuracy in the high SNR
regime. This analysis motivates the need for an algorithm as
the one proposed in Sec. [V] which aims to iteratively mitigate
the misalignment via an adaptive beam steering strategy and
whose performance is analyzed in the next section.
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Fig. 6. RMSE of the proposed localization algorithm with either IWLS or
ILS in comparison with the PEB, for two different levels of transmit power,
as a function of the number of iterations M for OIRS adaptive beam steering.

B. Position Estimation Performance

We now assess the performance of the proposed iterative
localization algorithm with adaptive beam steering. Given
its satisfactory performance, we use the RML approach to
estimate the NLoS distances, thus significantly reducing the
complexity of the localization process thanks to its closed-
form expression. For the analyses, we consider an initial setup
with N = 4 OIRSs, each mounted at the center of a wall, i.e.,
Wy = [250 15, wp, = [255 1:5]', ws = [0 2:5 1:5],
and ws = [05 1:5]'. The number of collected samples is
set to K = 50 for the LoS distance estimation and to
Kn = 100;8n =
tion, respectively. For the sake of comparison, alongside the
theoretical lower bound given by the PEB (derived in (60)), we
also include in the analyses a variant of the proposed algorithm
that employs classical Iterative Least Squares (ILS) instead of
the IWLS approach, readily obtained by using W =1 in (44)]
and (45). Both ILS and IWLS algorithms are executed with
a maximum number of iterations set to I max = 100 and a
convergence threshold of = 10 © as stopping criteria. For
a thorough assessment, we add to the analysis also the direct
ML localization approach, which represents the state-of-the-
art for the considered problem [37]. To adapt such an approach
to our scenario, we consider the observation vectors collected
by the PD under LoS and NLoS conditions, o; 1;:::; N,
and denote by f( ok; ) and f(  nk; ) the pdfs of th

corresponding LoS and NLoS samples. These pdfs have the
same functional form as f( ox;d) and f( nk;d), but their
means and variances are parameterized through the LoS and
NLoS distances, d() and d (), expressed as functions of
the unknown PD position =[u x uy]". The joint likelihood
function for the direct ML estimator can be thus written as

. ¥
LYo piits ns) = fC oks) f( ks );
k=1 n=1 k,=1
(61)
and, accordingly, the direct ML estimate is obtained as
AME=argmin LY o; 10t NG ) (62)
with L97() , InL 97(). Due to the highly non-convex

nature of L9"(), ~™ must be computed via a 2D exhaustive
grid search over the localization area.

Fig. [g] illustrates the RMSE of the proposed localization
algorithm as a function of the number of iterations M used

ECDF

0:2 - ) Proposed Algorithm Direct ML
S = = = Proposed Algorithm Direct ML [p ;) = 3000 Im]
0 !
0 1 2 3 4 5 6 7 8

Absolute Error [mm]

Fig. 7. ECDFs of the absolute position estimation error obtained with the
proposed iterative algorithm and the direct ML estimator, for two different
levels of transmit power.

to reconfigure the OIRS network via the proposed adaptive
beam steering strategy. The results are shown for two differ-
ent transmit power levels, py, 2 f1000;3000gIm, and are
compared against the PEB. In agreement with the distance
estimation results in Sec. [VTI-A] both ILS and IWLS suffer
from the initial OIRS misalignment at the first iteration,
yielding comparable RMSEs that deviate from the PEB. No-
tably, by the second iteration, the IWLS rapidly converges
toward the PEB, significantly outperforming the ILS, which
instead stabilizes only from the third iteration, but at RMSE
levels approximately 48% higher. These results highlight the
satisfactory performance of the proposed IWLS, not only in
terms of improved PD position estimation — reaching mm-
level accuracy for either lower or higher values of py,; — but
also in terms of a more effective re-orientation of the OIRS
network toward the PD within just M = 2 iterations, ensuring
near-optimal localization performance with minimal overhead.
We now conduct a comparison between the proposed itera-
tive localization algorithm with adaptive beam steering and the
direct ML estimator in (6I)-(62), which represents the state-
of-the-art algorithm [37]. In Fig. [7} we report the complete
error distribution through the ECDF curves of the estimation
errors for the PD location , achieved by the proposed
algorithm — using the ML LoS and RML NLoS distance
estimators, respectively, together with the IWLS procedure
for the subsequent position estimation and M = 2 iterations
for refinement — and by the direct ML estimator, for two
different transmit power levels. We can observe that both the
proposed algorithm and the direct ML estimator consistently
provide mm-level accuracy, with the ECDFs of the direct
ML presenting a stepped shape due to the discrete nature
of its search space. Remarkably, the ECDFs of the proposed
algorithm are practically overlapped with those of the direct
ML, demonstrating that the proposed iterative localization
framework can attain nearly identical performance but at an
extremely reduced cost, as it will be shown in Sec. [VIT-C|
To provide a more comprehensive analysis, we now evaluate
the performance in localizing the PD across the entire xy-
plane, considering an increasing number of OIRSs, N 2
f4;8;12g, evenly distributed along the walls. The 5 5 m ?
area is discretized with a resolution of 1 mm, and the RMSE at
each position is computed over 10° independent trials. Fig.
compares the PEB (on the left) and the RMSE (on the right)
of the proposed localization algorithm, obtained for a fixed
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Fig. 8. Localization performance across the entire xy-plane of the room as a
function of the number of available OIRSs N. Red crosses denote the (x;y)
coordinates of the OIRSs positioned along the walls of the room.

Ppm; = 1000 Im and considering only two iterations of the
adaptive beam steering strategy. The blank regions indicate
areas where localization is not feasible due to an insufficient
number of visible OIRSs. As expected, increasing the number
of OIRSs enhances both the spatial coverage within the room
and the localization accuracy, as reflected by lower values of
PEB and RMSE. Notably, the spatial pattern of the RMSE
is similar to that of the PEB, both exhibiting a characteristic
cross-shaped region of slightly higher RMSE values. This be-
havior can be attributed to two main factors: first, the increased
distance from the majority of the OIRSs leads to weaker signal
reception (e.g., PD at the center of the room) and, thus, less
accurate distance estimation; second, configurations where the
PD and one (or multiple) OIRSs are nearly collinear result
in poor geometric diversity. Overall, the proposed localization
algorithm achieves very good performance, with RMSE values
close to the PEB and a spatial coverage increasing from
approximately 30% for N = 4 to around 46% for N = 8,
and reaching nearly 80% when N = 12 OIRSs are available.
To conclude the analysis, we investigate the performance of
the proposed algorithm when the localization process is sup-
ported by two multi-element OIRSs available in the considered
area. Specifically, we consider a 4 4 element configuration

PEB/RMSE [mm]
8 12

4 16
[ [ [ [ [ ]
PEB RMSE
5 T T 5 T T j
4 - — 4
— 3| 4 =3 / -
E E
> | >2 |t |
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0 1 2 3 4 5 0 1 2 3 4 5
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Fig. 9. Localization performance across the entire xy-plane of the room for
the multi-element OIRS configuration. Red boxes denote the locations of the
two 4 4 element OIRS.

for each OIRS, resulting in two multi-element surfaces with
physical dimensions of 1:6 1:6 m. In Fig. §,] we report the

performance of the proposed iterative localization algorithm
in terms of RMSE, in comparison with the theoretical PEB. It
can be noted that the proposed algorithm achieves an accuracy
very close to the PEB, differing by only 15mm in the most
unfavorable case. As already observed in Fig. slightly
higher RMSEs appear in the regions where the LED and
the OIRSs intersect geometrically, a condition that leads to
reduced diversity due to the PD becoming nearly collinear
with one OIRS and the LED. Moreover, although the overall
reflecting aperture provided by the two multi-element OIRSs
is smaller than in the single-element OIRSs scenario in Fig.
(i.e., 3:2n? versus 4:0 n?), the percentage of the area where
positioning is feasible increases to 44:3 %, underscoring the
importance of OIRSs placement over their dimensions.

C. Complexity and Average Runtime Analysis

To complement the theoretical complexity analysis of Sec.
[V-B] we evaluate the average execution time of the proposed
iterative localization algorithm, also in comparison with the
direct ML estimator. The results, presented in Fig. [I0} are
obtained averaging over 100 independent Monte Carlo trials.
To provide a fair comparison, both distance and position grid
searches — required to implement the ML NLoS distance
estimator and direct ML position estimator, respectively —
are performed over the same number of evaluation points
per each dimension, i.e., Q = 5000. For our proposed
approaches, which follow an indirect (two-step) localization
paradigm and iteratively apply adaptive beam steering, we
report the aggregate average runtimes over all the M iterations,
decomposed in terms of the time associated with the distance
estimation step (performed employing the ML LoS estimator
and either the ML or RML NLoS estimator), and the time
required for the subsequent position estimation step (through
either ILS or IWLS). As it can be observed, the direct ML
estimator incurs an extremely high computation time owing
to the need to discretize the entire area and conduct a 2D
exhaustive search over the Q? candidate positions. On the
other hand, the proposed iterative algorithms execute in less
than 0.5% of the time required by the direct ML, thereby
confirming their markedly lower cost. In particular, during the
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Fig. 10. Average runtime comparison between the proposed iterative localization algorithm with adaptive beam steering, using either the ML or RML estimator
in the distance estimation step combined with either the ILS or IWLS in the position estimation step, and the direct ML position estimation algorithm.

distance estimation step, the proposed RML NLoS estimator
yields a remarkable reduction in complexity compared to the
ML NLoS estimator (which we recall requires a 1D grid
search), achieving a solution in approximately 0.35% of the
time required by the ML NLoS estimator, thanks to its closed-
form expression. Furthermore, in the position estimation step,
the adoption of the proposed IWLS procedure, employing a
weighting matrix derived from the CRLB, enables convergence
in only about 3.2% of the time required by the ILS. Overall,
the position estimation results and complexity analysis confirm
the effectiveness of the proposed iterative localization frame-
work with adaptive beam steering.

VIIl. CONCLUSION

This work presented a novel approach for visible light-
based indoor localization that leverages only a single LED and
multiple distributed single-element OIRSs. More specifically,
we proposed an indirect estimation paradigm built upon com-
putationally efficient, closed-form estimators: the optimal ML
estimator for the LoS distance, and a tailored RML estimator
for the NLoS distances, the latter circumventing the numerical
optimization required by its optimal ML counterpart. Building
upon these estimators, we designed a low-complexity IWLS
localization algorithm, whose weights are derived from the
CRLB to account for path-dependent uncertainty on dis-
tance estimation. Notably, the algorithm integrates an adaptive
beam-steering mechanism to iteratively refine the orientation
of the OIRSs and face initial pointing mismatches, so enabling
the localization process without any prior knowledge on the
PD position. Fundamental Fisher information analyses were
conducted to derive the CRLBs for distance and position
estimation under the proposed setup. Extensive numerical
evaluations demonstrated the effectiveness of the proposed dis-
tance and position estimation algorithms across various SNR
regimes and OIRS misalignment conditions. Specifically, the
ML LoS estimator unveiled excellent estimation performance
even with a very small sample size, attaining the DEB already
for low values of the SNR. On the other hand, the RML
NLoS estimator provided performance close to the optimal
ML, but at a significantly reduced cost. Moreover, both ML
and RML NLoS estimators exhibited a good robustness to
OIRS orientation errors of up to 20 , guaranteeing accuracy
in the order of a few centimeters. Overall, the proposed IWLS
algorithm combined with the adaptive beam steering strategy

Fig. 11. Geometric representation of the reflection point on the OIRS surface.

required only a couple of iterations to re-orient the OIRS
network toward the PD, achieving RMSEs close to the PEB
and offering a spatial coverage of about 80% of the area
when an average of three OIRSs are deployed on each wall.
Remarkably, when compared with the state-of-the-art direct
ML estimator, the proposed iterative localization algorithm
achieved nearly identical estimation accuracy while requiring
less than 0.5% of the execution time of the direct ML.

Possible directions of future work include the joint op-
timization of LED and OIRSs placement, as well as the
extension of the proposed approach to multi-PD localization
scenarios. Another promising direction involves investigating
the use of metasurface-based OIRSs, capable of of absorbing
or phase-shifting selectively different wavelengths, to further
enhance localization performance.

APPENDIX A
REFLECTION POINT GEOMETRIC MODEL

We derive the geometric model of the reflection point r,
relating it to the LED, PD, and the n-th OIRS. To compute
Irn, we translate the reference frame so that it is centered at
Wy, with the z-axis oriented downward, the x-axis aligned
parallel to the ground, and the y-axis pointing outward from
the OIRS, as shown in Fig. [II] The positions of the LED,
the reflection point, the center of the OIRS, and the PD in
the new reference frame are denoted as q° = o o of T
0=r20rd", wo=[000]", and u®= wudulul ",
respectively, where from now on we drop the dependency on
n for brevity. Accordingly, we define s = kq® r % as the
distance from the LED to the reflection point, where ™ and
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' W denote the corresponding azimuth and elevation angles of

incidence. Similarly, d = kr © u % represents the distance

from the reflection point to the PD, with ™ and ' *® the

azimuth and elevation angles of irradiance, as in Fig. [LT]
Using pola%coordinates, u® can be expressed as

2u=r2 dsin( ®)cos( ");
S uy = dsin( ®)sin(’ ®);
“u? =r2+dcos( ®);

(63)

with d = ju? r %j=cos( ¥) and, without loss of generality,
r? < 0. By plugging these values back in (63} and imposing

Snell’s law (i.e., ™= ™and’ ™ =" ™), we obtain
8 p(qO O)Zp(uor 0)2
Zu =r? szqorO)Zz =
W = pfg? p(u?r 92, (64)
g7 g0z
wErdel @ TR
with
P a 2
o (@7 9 om0y
= __~-*< <7 - n =
cos( ") kqor % ’ sin( ™) kaor K
02
(0 r 0)2
cos(' )= & (qx ) ;sinC ™)= & i

(@ 1 9)2+ag? (@ 1 2>2+q92'
The final expression of r © follows by solving (64), namely
oRuy +ayuy (0= Qu2 +qguy.
Grup gy
The transformation initially applied can be then applied in the
opposite way to map r © back to the global reference system.

ry = (65)

APPENDIX B
ENTRIES OF FIM IN (B5)

We consider the log-likelihood of (54), which is

X
“(oid) +

n=1
where L"*( o;d) and L™5( n;d;dy) are the positive forms
of (I8) and (34). Due to the additive structure of (66), the
partial derivatives needed for each element of the FIM in (55)
can be computed separately for the LoS and NLoS terms. For
compactness, we introduce the following summation terms

InL(;d)= L"™S( n;d;dh);  (66)

X Xn I
So= K T3 on = ; v :
k:l Ok dm 3 " k:l nk dm 3 dn (dn +sn)2
X 2 Ko | 2
To= K — In= . :
T TodmE T M S g (dyts )2
(67)

As for the (0;0)-th element of Jd, the derivatives of the
LoS and the n-th NLoS parts, 8n=1;:::; N, are given by

@L 5 o;d): o(m?+7m+12) —ST0+250 bK
@d@d 202 2
02(M+3)2 5To+2bSe+K 3 5

; (68)
daz 3

@LNLOS( n;d;dn): O(m2+7m+12) %Tn +2S, bK |,
@d@d 2F 2
0’(m+3)2 BT, +2bS,+K , § %
9 w2 (69)
0

For the (n;n)-th diagonal entries of J 4, only the derivative
of the log-likelihood term associated with the n-th NLoS
component is non-zero, and is expressed as

n 6 +4d,s,+s2 B T,+2S, bK ,

@L"( n;didn) _

@d@d d3 A(dn+sn)?
2(3dy+sn)? %Tn+2bsn+K (25

70
@ A(dn+sn)? (70)

A similar consideration holds for the (0;n)-th element,
which is equal to the symmetric (n; 0)-th entry, resulting in

GL™( nidich) _ @L"( n;dich)
@d@d @d@d
n(M+3)(3d n+55) LT, +2bS,+K o( 2 %)

dd, ﬁ(dn+sn)

All other elements are zero. We can now take the (negative)
expectation of each element which, when applied to the

summations (67) appearing in (68), (70), and (71), yields

= (1)

E[So]=0; E[Sn]=0; E[To]=K a+b pre =K §;
|
— : — 2.
E[M]=Kn atb s t IS =K, 2: (72)
Therefore, we finally obtain

|
XKy g(m+3)2 2+b2=2

[Baloo =Ja+ n oM*3)7 (73)

2 4 !
d® g

n=1
Kn o(m+3) 4 P+2 2 (3dn+s1)
J W =[J 0 = ;
[ d]O,n [ d]n,O den ﬁ(dn+8n)
Balnn =J4,, and [Jglnno=0 for n6=rP6=0. As it can be
observed, [Jq]ln.n has the same structure as the NLoS Fisher

information in (52), while the first element of the summation
in (73) reflects the LoS Fisher information in (50).
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