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Accurate localization can be performed in visible light systems in non-line-of-sight (NLOS) scenarios by
utilizing intelligent reflecting surfaces (IRSs), which are commonly in the form of mirror arrays with adjustable
orientations. When signals transmitted from light emitting diodes (LEDs) are reflected from IRSs and collected
by a receiver, the position of the receiver can be estimated based on power measurements by utilizing the
known parameters of the LEDs and IRSs. Since the orientation vectors of IRS elements (mirrors) cannot be
adjusted perfectly in practice, it is important to evaluate the effects of mismatches between desired and true
orientations of IRS elements. In this study, we derive the misspecified Cramér-Rao lower bound (MCRB)
and the mismatched maximum likelihood (MML) estimator for specifying the estimation performance and
the lower bound in the presence of mismatches in IRS orientations. We also provide comparisons with
the conventional maximum likelihood (ML) estimator and the CRB in absence of orientation mismatches
for quantifying the effects of mismatches. It is shown that orientation mismatches can result in significant

degradation in localization accuracy at high signal-to-noise ratios.

1. Introduction

In recent research studies, visible light positioning (VLP) systems
have attracted significant attention due to their cost-effectiveness and
high accuracy compared to radio frequency (RF)-based positioning
systems [1-3]. By utilizing the widespread availability of light-emitting
diodes (LEDs) as indoor lighting sources, these systems offer minimal
deployment costs. VLP systems are particularly suitable for indoor
applications that require high localization accuracy such as naviga-
tional services for both humans and robots, and asset tracking [4-10].
In the literature, numerous position estimation algorithms have been
developed, and comprehensive analyses of theoretical accuracy limits
for VLP systems have been performed. The received signal strength
(RSS) parameter is widely utilized in VLP systems due to its cost-
effective hardware implementation and high accuracy [2]. In [11],
the Cramér-Rao bound (CRB) is derived as the theoretical accuracy
limit of RSS based VLP systems. Also, in [12], the authors derived
closed-form CRB expressions for the location and orientation of a visible
light communication (VLC) receiver, taking into account the effects of
non-line-of-sight (NLOS) propagation on VLP performance.

More recently, the emergence of intelligent reflecting surface (IRS),
also referred to as reconfigurable intelligent surface (RIS), has drawn
significant attention due to its considerable advantages in widening
wireless network coverage (specifically for RF systems), enhancing
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wireless communication rates, and reducing deployment and energy
costs [13,14]. An IRS is a planar surface made up of numerous low-
cost reflecting elements, each capable of independently altering the
amplitude and/or phase of an incident signal [15]. In [16], the au-
thors propose an IRS-based method to improve spectrum and energy
efficiency while reducing the implementation cost of wireless commu-
nication systems. Also, the authors of [17] investigate the joint design
of the beamformer at the transmitter and the IRS phase shifts for an
IRS-assisted wireless communication system, and demonstrate that IRSs
hold significant potential for creating high-speed and energy-efficient
communication networks.

There are also a number of studies in the literature that explore
IRS-assisted VLC systems. Conventionally, communication performance
of VLC systems heavily depends on the presence of line-of-sight (LoS)
paths. IRS, capable of re-configuring the wireless propagation channel,
mitigates the LoS requirement in VLC systems. In [18], two intelligent
reflection systems using programmable metasurfaces and mirrors to
concentrate incident light onto the VLC receiver are proposed, and the
detector plane irradiance expressions for both systems to evaluate their
aiming and focusing performance are derived. The authors in [19] in-
vestigate a VLC system incorporating an IRS mirror array to address LoS
blockage issues caused by the random orientation of the user device,
self-blockage, and external obstructions. In [20], the authors employ
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optical IRSs to relax the LoS constraint in vehicle-to-vehicle (V2V) VLC
systems and derive a closed-form expression for the number of IRS
elements needed to achieve a desired energy or spectral efficiency. The
authors in [21] derive an IRS-aided parallel multiple-input-multiple-
output (MIMO) VLC channel model and demonstrate that incorporating
IRS into such a system significantly enhances its asymptotic capacity.
Also, in [22], the authors derive asymptotic capacity expressions for op-
tical IRS-assisted MIMO VLC under various emission power constraints
in the high-SNR regime and propose two algorithms to maximize these
capacities by jointly optimizing the alignment of optical IRS elements
and the transmitted power. In [23], the authors investigate a down-
link energy efficiency maximization problem in an IRS-VLC system by
formulating a resource allocation problem based on achievable system
sum rate versus total power consumption, under user data and transmit
power constraints.

While a significant amount of research is focused on IRS-assisted
RF communications, there are also a number of studies in the lit-
erature that examine the utilization of IRSs in RF-based positioning
systems [24-28]. In [25], the authors investigate the utilization of IRSs
for user positioning and introduce an angle-domain method to acquire
angle of arrival (AoA) data for the direct path between users and IRSs,
subsequently employing AoA positioning at the access point (AP) for
user localization. In [27], the authors investigate the target localization
problem utilizing semi-passive IRS and apply the MUSIC algorithm to
estimate the target direction. Also, in [26], a maximum likelihood (ML)-
based localization method utilizing multiple single-receive RF IRSs,
which employs beamspace orthogonal matching pursuit (OMP) for AcA
estimation and least squares line intersection is presented. In [24],
the authors investigate a downlink positioning problem aided by IRSs,
analyze it through Fisher information and propose a two-step scheme
to optimize IRSs to improve positioning performance. Additionally,
in [28], an IRS-aided multi-user positioning protocol is proposed, and
the optimization problem for positioning is formulated and solved using
a configuration optimization algorithm.

To the best of our knowledge, there exist only two studies in the
literature on IRS-assisted visible light positioning (VLP) [29,30]. The
authors in [29] propose an algorithm based on sparse Bayesian learning
for solving the localization problem in IRS-assisted indoor VLP, deriving
the Fisher information matrix, position estimation bound (PEB), and
RMSE expressions for NLOS scenarios. In [30], the authors formulate
an RSS-based position estimation problem in a VLP system utilizing
IRSs. An ML estimator is derived utilizing signals from both the LoS and
IRS elements, along with the corresponding CRB, and an algorithm is
proposed to optimally adjust the IRS elements to maximize the received
power. However, this study assumes a perfect alignment between the
desired orientations of IRS elements and their actual orientations, an
ideal scenario rarely achieved in practical settings due to inaccuracies
in gyroscope readings and noise.

In this paper, we investigate the problem of IRS-assisted VLP, par-
ticularly focusing on a scenario where there is a mismatch between
the actual orientations of the IRS elements and the desired orientations
assumed by the VLC receiver. To this aim, we employ a misspecified
Cramér-Rao bound (MCRB) analysis [31] to quantify the deterioration
in positioning performance due to the mismatch between the true orien-
tations of the IRS elements and the assumed orientations at the receiver.
Although the MCRB is a well-established tool, this study represents its
first application in the context of IRS-aided VLP to assess the impact of
orientation mismatches. The main contributions and novel aspects of
this study can be summarized as follows:

» The problem of IRS-assisted VLP under mismatched orientations
is formulated for the first time in the literature.

« A mismatched maximum likelihood (MML) estimator is derived
and the corresponding MCRB and lower bound (LB) expressions
are obtained, serving as benchmarks for evaluating localization
performance.
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» A comparative analysis is performed between the MML estimator
and the maximum likelihood (ML) estimator (and also between
the MCRB and the CRB) to reveal the effects of orientation
mismatches on localization performance.

The remainder of the paper is organized as follows: Section 2
describes the VLP system and the signal and channel models. Section 3
focuses on the theoretical results by deriving the MML estimator and
the MCRB in the presence of orientation mismatches. The comparative
numerical results are provided in Section 4 by presenting the estimators
and the bounds in the presence and absence of orientation mismatches.
Finally, concluding remarks are made in Section 5.

2. System model

Consider a VLP system with N; LED transmitters at known locations
denoted by I; € R3 for i € {1,...,N.} and a VLC receiver at an
unknown location x € R3. The orientation vectors of the ith LED
transmitter and the VLC receiver are denoted by n; € R? and ny € R?,
respectively. Also, there is an IRS with N; flat surfaces (small mirrors),
with surface areas denoted by S, ..., Sy, having orientation vectors
fiy, ..., 7y and locations I, ...,1 N It is assumed that each IRS element
causes glossy reflections (Phong’s model) [18,32] with the reflectance
coefficient remaining constant across each element, where p, denotes
the reflectance coefficient for the kth IRS element. It is assumed that
both p,’s and S, ’s are assumed to be known for k € {1,2,..., Ny} [30].

The VLC receiver aims to determine its own position using signals
received from the LED transmitters. To this aim, it gathers power mea-
surement from the LED transmitters. The power measurement received
by the VLC receiver due to the signal emitted by the ith LED transmitter
is expressed as [30]

N
Prxi = P HEOSG0 + Py ) /S dH[ (%, T ) + 1, m
k=1 Sk
fori=1,..., N, where Py is the received power at the VLC receiver
due to the signal from the ith LED transmitter, Pry; is the transmit
power of the ith LED transmitter, H-%5(x) denotes the line-of-sight
(LOS) channel coefficient between the ith LED transmitter and the VLC
receiver, d H f?f (x, Tk, i) denotes the reflected channel coefficient of the
path between the ith LED transmitter and the VLC receiver, which
makes a single reflection from an infinitesimally small area around I, at
the kth IRS element, and #; is zero-mean Gaussian noise with a variance
of o-l.z, which is independent of »; for all j # i. As indicated in (1),
it is presumed that the signals emitted by different LED transmitters
undergo separate processing, and their individual power levels are
measured at the VLC receiver. This assumption relies on employing
a specific form of multiple access protocol, such as time-division or
frequency-division multiple access [33].
The LOS channel gain in (1) can be calculated as

i+ DA — 1T, 1™ 1. —x)T
=(m,+ ) R[(x ) n,] (I; —x) ng -

LOS
Hi ) m;+3

271:”x -1,

and the reflected channel gain in (1) can be expressed as follows [30]:
(m; + D) [0 = 1)"m]™ (@ =TTy

el il

X (A p (@ = )T ng))d S,

dHS (e, T, fy) =

k(= r)(uy + D cos(By — ag ) |

3

where m; is the Lambertian order for the ith LED transmitter, Ay is the
area of the PD at the VLC receiver, a;, and g;, denote, respectively, the
incidence angle for the direct path between the ith LED transmitter and
the reflective point I, at the kth reflecting surface, and the irradiance
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angle for the direct path between the reflective point 7, at the kth
reflecting surface and the VLC receiver, yu, represents the directivity of
reflection, and r;, € [0, 1] denotes the proportion of diffuse component
by the IRS. We define the total channel gain due to the LOS component
and the reflections from the N, IRS elements from the ith LED to the
VLC receiver as

M
h,-(x,ﬁk)éH,.LOS(x)+Z/ dH[S (x, Ty, 7). 0)
k=17 Sk

In practical implementations, the orientation vectors of the IRS
elements cannot be adjusted perfectly and deviate from the true (de-
sired) orientations due to device imperfections and noise (inaccuracy)
in gyroscope readings. Consequently, our objective is to investigate the
effects of these mismatched orientation vectors of IRS elements on the
accuracy of visible light positioning based on power measurements.

Remark 1. Non-IRS surfaces in optical settings typically produce dif-
fuse reflections, resulting in scattered, incoherent light paths. On the
other hand, IRS can also generate specular reflections, enabling more
precise and efficient light transmission. This property enhances signal
quality and power measurements, offering a notable advantage for VLP
applications, particularly in complex environments where traditional
reflections might not allow for accurate localization. In [19], the per-
formance of a VLC system was assessed by comparing the data rate and
outage probability when using an IRS (mirror) and a wall surface for
reflections. Simulation results indicate that incorporating an IRS in an
indoor VLC system improves both the data rate and outage probability,
denoting a significant increase in the SNR of the received signal.

3. Estimation under mismatched orientations: MML and MCRB

Let i} for k = 1,..., Ny denote the mismatched orientation vectors
of the IRS elements and let i, for k = 1,..., N| represent the true
orientation vectors. In particular, the visible light system aims to set
the orientations vectors of the IRS elements to @}’ for k = 1,...,N;.
However, due to imperfections, their actual values become 7, for k =
1,..., Ny, which are unknown to the visible light system. Since the
VLC receiver only has the knowledge of the mismatched orientations
vectors (does not know the true orientation vectors) in this setting, the
likelihood function for the position of the VLC receiver is expressed,
based on (1), as

P(Pgx | X)
(pR P HEOS =Py N [ e e hm>)2
Moo g X.i=Prx.iH; X Zymy [y, AH g iy
=1 2
[ ®

i=1 271'0'1.2

where Ppy represents a vector consisting of the power measurements;
i.e, Prx = [Prx PRX,NL]T. The expression in (5) can be referred
to as the misspecified parametric PDF for x, given that the reflected
power measurements are inaccurately specified due the mismatched
orientations [34].

For the purpose of comparison, we also define the true model,
incorporating the true orientation vectors of the IRS elements, 7, for
k=1,..., N;. Hence, the true PDF can be formulated as follows:

N | s (ka,f-"rx,f"’,l‘os(i>-"rx.y Z,[(V:Il s ff”,»'_if(ijkv"'k))z
e i=1

p(Prx) = H

i=1 27:0'[2

202
i

(6)

where X represents the true position vector of the VLC receiver.
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3.1. MML estimator

Given the misspecified parametric PDF in (5), MML estimator,
defined as the parameter that maximizes this PDF, can be expressed
as [31,34]:

Sym (Prx) = argmax p(Pry | x) (7
xeLl
where L represents the set of possible positions for the VLC receiver.

Based on (5) and (7), the MML estimator derived from the received
signal power measurements Pry in (1) is given by

Iy (Prx)
2
N o
o (PRX,i - Py HFS(x) - Pry; pIs fsk dH,-rf(x’ I "k))
= argmin 3
xeL i=1 o;

(8

Under appropriate regularity conditions, it is established that the MML
estimator, Xy (Prx), is asymptotically unbiased, and its error covari-
ance matrix equals the MCRB(x,)), which is derived in the subsequent
section [31].

3.2. MCRB

To obtain the theoretical limit on the accuracy of position estima-
tion using the MML estimator, we first define the pseudo-true param-
eter [31], which is the parameter that minimizes the Kullback-Leibler
(KL) divergence between the misspecified parametric PDF j(Pyx | x) in
(5) and the true PDF p(Pyx) in (6). Namely, the pseudo-true parameter
is given by
x = argmin D(p(Pgx) || p(Pgrx | x)) (C)]

xeR3
where D(p(Pgrx) || B(Prx | x)) represents the KL divergence between
the PDFs p(Prx) and p(Pgx | x). The objective function in (9) can be
expressed based on the definition of the KL divergence as follows:

) (Pax)
D(p(Pry) || B(Pry | %) = / 1og(ﬁ)p(PRx)dPRx

_ p(Prx) )
_]Ep{log<ﬁ(PRx |x)>} (10

We let %(Pgx) represent a misspecified-unbiased (MS-unbiased)
estimator of the true position, x. That is, the expected value of the
estimator X(Pgyx) under the true model is equal to x, [35]. The MCRB is
a lower bound on the covariance matrix of any MS-unbiased estimator

X(Pgrx) of x and is expressed as [31,36]:
E,{(&(Pgx) — x¢)(&(Pgx) — %0)" } > MCRB(x,) an

where E,{-} represents the expectation under the true model p(Pgx) in
(6), and

MCRB(xy) £ A7 B, AL (12)

X0 R

The elements corresponding to the (m, n)th entries of matrices A,
and on in (12) are computed as follows:

_ 0% log p(Pgy | x)

[Axo]mn - El’ { dx(m)ox(n) x=x } ’ as
_ dlog p(Pgx | x) dlog p(Prx | x)

Bao] 1 = { 3 T s, } a4

for 1 < m,n < 3, where x(n) represents the nth element of x. Given that
the value of the pseudo-true parameter typically is not of interest, the
MCRSB is utilized to establish a lower bound (LB) for any MS-unbiased
estimator with respect to the true parameter value [31]. Specifically,
the error covariance matrix for any MS-unbiased estimator X(Pgy) is
lower bounded as follows [34]:

E, {:(Prx) — ¥)(X(Prx) — %)" } = LB(x,) (15)
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where

LB(x,) £ MCRB(x,) + (X — x0)(% — ()" . 16)

The last term in (16) represents a bias component that is independent
of the SNR. Consequently, as the SNR goes to infinity, the MCRB tends
toward zero, and the bias component closely approaches the error
covariance matrix of the MS-unbiased estimator.

To obtain the MCRB, and consequently the LB in (16), the following
derivations are carried out.

3.2.1. Derivation of the pseudo-true parameter

We first obtain the pseudo-true parameter x,, as defined in (9), as
it is essential for computing the MCRB associated with estimating the
position of the VLC receiver in the presence of mismatched orientations.
This involves finding the value of x that minimizes the KL divergence
between the PDFs j(Pgx | x) in (5) and p(Pgy) in (6). Utilizing Egs. (5)
and (6), the expression in (10) can be computed as follows:

D(p(Pgx) || p(Prx | x))
N (PRx,i - PTX,iH,-LOS(J_C) - Pry; 2:]:11 fsk dHirf(’_" ik’ﬁk))z
-5{-3 =
N (PRX,,. ~ Prx HEOS() = Prog, TN [ dHES (1], ﬁZ))Z }
+

2
i=1 2(7,'

B %L‘ (B, (Prx.i) = E5(Prx,))*

2
i=1 20','

a7

where E,(Pex,) = PrxH"S®) + Pry; o, Js, dHS (%1, ) and
Ep(Prx.) = Prx HPOS(x) + PTX,Z s, d dHS! (x,1; @7)). Based on (10)
and (17), we can find the value of x that minimizes the Kullback-
Leibler (KL) divergence as

S EpPrx.) — By Prx )
Xy = argmin >

xeR? =] o;

18

3.2.2. MCRB derivation

After obtaining the pseudo-true parameter, the matrices A,, in
(13) and Bx0 in (14) are computed to calculate the MCRB outlined in
(12). The second-order derivatives in (13) can be obtained from (5) as
follows:

O log f(Pry | x) & (Prx; Prx) 02hi(x. )

ox(mox(m) & o? 0x(n)9x(n)

(Prx,)* Oh;(x, /}") Oh;(x, i)
Z 12 dx(m) dx(n)
0%k, (x, i)

( Tx,) am
-3 e a9

where h;(x,i}') = HLOS(x) + Z fs dHref(x I, ). Then, by evalu-
ating (19) at x = x,, the elements of matrlx A in (1 3) can be derived
as
[A ] _ % E,{Prx,i} Prx,i azhi(xo’ﬁ;(n)
*odmn parr Giz 0x(n)ox(m)
NL (Pry ) 0hy(xg. ) Ohy(x, )
o2 dx(m) 0x(n)

i=1
N (Pry ) 0%h;(xg, )
TX,i ~ W00 By
-y ———hi(xp, i) ——— - 20
2 MO0 G axm) 20
The first-order derivatives in (14) can be obtained from (5) as
follows:

dlog p(Prx | ) _ & Prx i(Prx,i — Prx ihi(x, 7)) 0h;(x, i)

ox(my & o? 0x(m)

21
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Fig. 1. A depiction of the IRS elements on the walls of the room.

Also, the elements of matrix on in (14) are obtained utilizing (21) as

follows:
B B & P (Prx,i — Prxi hi(xo, 7)) 0h;(x, })
[ xo]mn - Z TX.i Giz dx(m)
Mo (Prx j — Prx ; hi(xq, 7)) 0h;(xq, A7)
o J J 1 Xo, My (X0, Ty 29
x Z b o2 ox(n) @2)

2
Z( X > E, {(Prx; — Prx.i hi(xoﬁzl))z}

0h,»(x0, ) oh;(xg, i)}

ax(m) dx(n)
NL N,

22

i=1 j=1,j#i Gz J

Prx i Prx
;(PTx:h(x fiy) = Pry; hi(xo, i)

Ohy(xg, ") Oh (. )

~m k
Pry j hj(xg, })) 0x(m) ox(n) (23)

Pry; hi(xg, AP} = 67 + (Prx; h(X, A" — Pry;

X (Prx jh;(X, i) —

where E,{(Prx; —
hy(xg, A7)

The first and second order derivatives of the channel coefficient
h;(-), as indicated in (20) and (23), can be explicitly obtained with
respect to the system parameters, as detailed in Appendix.

Remark 2. Based on the derived MCRB and LB expressions, we can
evaluate the impact of mismatched orientations of IRS elements; namely,
the effects of imperfections in IRS orientation adjustment. For compari-
son purposes, we can examine the maximum likelihood (ML) estimator
and the corresponding Cramér-Rao bound (CRB), as derived without
orientation mismatches in [30, Sec. II]. Since the theoretical limits are
achieved by the MML and ML estimators at high SNRs, they serve as
benchmarks for assessing localization performance and for designing
system parameters under high SNR conditions.

4. Numerical results

In this section, we conduct simulations to investigate the effects
of mismatched orientations of IRS elements on localization accuracy
by evaluating the proposed estimator and the theoretical bound. As
in [30], we consider a room with dimensions of 4 x 4 x 3 meters (width,
depth, and height, respectively) and 4 LEDs (N; = 4) placed at the
following coordinates in meters: (-1, 1,3),(1,1,3),(1,-1,3),(-1,-1,3).
These LED positions are selected to ensure a symmetrical coverage of
the room, with the center of the room floor being represented by the
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100F |7 MML(?=10"7) — * ~ML(2=10"") E
— % = MML (0% =107"%) —E—ML (o® = 1076
MML (o® = 10°"%) ML (0% = 1079

Fig. 2. Performance of the MML estimator versus k for ¢ € {10-'5,107',10""7} in
NLOS scenario when the VLC receiver is positioned at (0.5, 0.5, 0.85) meters.

coordinates (0,0,0). The orientations of the LEDs are defined as n; =
[0,0,—1]" for i = 1,..., Ny, indicating that they all point downwards.
The transmit powers of the LEDs, Pry;, are all set to 5W and the area
of the PD is taken as Ag = 1 cm?. The orientation vector of the receiver
is defined as ny = [0,0, 1]7, indicating that it points upwards. Also, the
Lambertian orders of the LEDs are assumed to be the same, i.e., m; = m,
and are set as m = 1. Furthermore, we assume that the noise variances
are equal, denoted as aiz = o2 for all i (see (1)).! As depicted in Fig. 1,
each of the four walls has N;/4 IRS units arranged in a \/N;/4x+/N;/4
grid. In the simulations, Nj is set to 1764, resulting in 21 x 21 IRS
elements per wall [30]. Each IRS element has a rectangular shape with
a width w, of 4cm and a height A, of 2 cm, giving each IRS element an
area S, of 8 cm”. The IRS units are spaced w, = 2 cm apart horizontally
and h, = lcm apart vertically to prevent inter-element blockage, as
detailed in Fig. 3 of [30]. The IRS units are positioned to center both
horizontally and vertically on the wall, aligning the center of the two-
dimensional IRS array with the center of the wall. In the simulations,
the fraction of diffuse component, r;, is set to 0 and the directivity
of reflection, y,, is set to 5, and the reflectance coefficient of the IRS
elements is set to p;, = 0.95 Vk. In addition, the mismatched orientations
(the imperfect orientation information at the VLC receiver) are set for
all ’sas i) =[100]" (9, =7/2, ¢, =0), i} = [-100]" (6, =7/2, ¢, =
™), i =[010]" (0; = #/2, ¢3 = x/2) and A} = [0 — 1 0]" (8, =
/2, ¢, = —xn/2) for the IRS elements located on the wall at x = -2,
x =2,y =-2,and y = 2, respectively. On the other hand, the true
orientations are obtained as 7, = [cos(¢!) sin(d}) sin(¢})sin(6?) cos(@f)]T
with 0/ = 6, + U(-k.k), ¢! = ¢; + U(-k.k) for i € {1,2,3,4},
where U'(-k,k) denotes a uniform random variable over the interval
[—k,k]. This setting corresponds to a scenario where the visible light
system aims to set the orientation vectors of the IRS elements to be
perpendicular to the walls; however, due to imperfections, the true
orientations are not perfectly perpendicular as specified above.

To evaluate the performance of the MML estimator and to compare
it against the ML estimator that is implemented assuming perfectly
set (i.e., perpendicular) IRS orientations, the VLC receiver is placed at
x = (0.5, 0.5, 0.85)m. In Fig. 2, we plot the root mean-squared error
(RMSE) performance of the MML estimator and the ML estimator versus
k for three different noise levels: 1015, 10-1¢, and 10~'7. For each k
value, the simulation is run 500 times to calculate the RMSE. It can be
observed that the RMSE values of the MML estimator for all noise levels
tend to rise as k increases. This is due to the fact that the mismatch
between the true IRS element orientations and the assumed orientations

1 The 62 values used in the simulations are consistent with the practical
values reported in [11].
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102& T
{ —H— MCRB (k = 0.5)
T — P —MCRB (k=1)
LB (k = 0.5)
S —© —LBk=1)
—+—MML (k=05) |7
—+ —MML (k= 1)

10-2 1 I I I | |
100 110 120 130 140 150 160 170

10Iog10(1/r72) (dB)

Fig. 3. RMSE performance of the MML estimator and the theoretical limits versus
101log,y(1/6?) for k € {0.5,1} in NLOS scenario when the VLC receiver is positioned at
(0.5, 0.5, 0.85) meters.

increases with k, consequently leading to degraded performance of the
MML estimator. Additionally, the MML estimator exhibits its worst
RMSE performance at 6> = 10~!5 compared to its performance at
62 = 107'% and 6> = 1077, due to the higher noise content in the
received power measurements. The RMSE values of the MML estimator
for all three noise levels when k = 0 coincides with the true model
as there is no mismatch between the actual and assumed orientation
vectors of the IRS elements. It is observed that as k increases, the RMSE
performance does not improve significantly with decreasing noise vari-
ance as the mismatch between the assumed and true orientations of
the IRS elements becomes the primary source of error. Moreover, it
is worth noting that the RMSE performance of the ML estimator does
not follow a monotone pattern with respect to k. The optimal IRS
orientations depend on the actual position of the VLC receiver; hence,
RMSE values of the ML estimator vary, being high for certain k values
and low for others. On average, the optimal orientations of the IRS
elements are achieved at around k = 0.5 when the VLC receiver is
located at (0.5, 0.5, 0.85) m. The RMSE values tend to rise for k values
greater or less than 0.5. This outcome is consistent with the findings
in [30], which developed an algorithm for optimally adjusting the IRS
orientations and demonstrated that IRS perpendicularity is not optimal
for the position (0.5, 0.5, 0.85). Furthermore, unlike the MML estimator,
with increasing k values, the RMSE performance of the ML estimator
improves significantly with decreasing noise levels as it is not affected
by the orientation mismatches.

In Fig. 3, we plot the RMSE performance of the MML estimator and
the theoretical bounds versus 10log,,(1/6?) for different k values of
0.5 and 1. The orientations of the IRS elements are generated using
MATLAB with a seed value of 1. It can be observed that for both values
of k, the LBs plateau at low noise variances and the MCRBs approach
zero, as anticipated. Additionally, it is worth noting that the MCRB and
LB values at k = 0.5 are lower than those at k = 1. This is due the
greater mismatch of orientation vectors at k = 1 compared to k = 0.5.
It can also be observed that the RMSE of the MML estimator tends to
converge to the LB at low noise variances for both values of k. This
occurs because, at low noise variances, estimation errors are mainly
attributed to orientation mismatches and remain consistent even as
noise variance decreases. However, at high noise variances, the RMSE
of the MML estimator is observed to be lower than the established
bounds. This can be attributed to the fact that the location of the VLC
receiver is restricted to a room with dimensions 4 x 4 x 3 meters, and
the MML estimator performs search within this region. The calculations
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Fig. 4. RMSE performance of the MML estimator and the theoretical limits versus
101og,o(1/6?) for k € {0.25,1} in NLOS scenario when the VLC receiver is positioned
at (0.5, 0.5, 0.85) meters.

made within this region relying on random estimates for the position
of the VLC receiver yield an RMSE of approximately 2.1 m, closely
aligning with the estimation error of the estimators under high noise
level conditions.

In Fig. 4, we plot the RMSE performance of the MML estimator
and ML estimator, and their corresponding theoretical bounds versus
10log,o(1/6?) for k € {0.25, 1}, with the orientations of the IRS elements
generated using MATLAB and a seed of 1. As anticipated, the LBs
plateau at low noise variances, and the MCRBs and CRBs approach
zero for both values of k. It can also be observed that the RMSE values
of the MML estimator and ML estimator for both values of k tend to
converge to the LB and the CRB, respectively, at low noise variances.
The RMSE values of MML estimator when k = 0.25 are lower than those
for k = 1 due to the increased orientation mismatch. However, for the
ML estimator, the RMSE values are lower when k = 0.25 than when
k = 1 due to fact that the generated orientations when k = 0.25 are
closer to optimal for the VLC receiver location than when k = 1. Similar
to what has been observed in Fig. 3, at high noise variances, the RMSEs
of the MML estimator and ML estimator are observed to be lower than
their established bounds due to the restriction on the search region for
the estimators, as previously discussed. Additionally, it can be observed
at very low noise variances that the ML estimator outperforms the MML
estimator for both values of k, as the orientation mismatches become
the primary source of error under the conditions of low noise variances.

In Figs. 5 and 6, we plot the RMSE performance of the MML
estimator and the ML estimator versus the distance of the VLC receiver
from the room center, with the receiver moving on the straight line
from (0, 0, 0.85) m towards (1.4, 1.4, 0.85) m, considering the three
noise variances, 62 € {10716, 10715, 10714}, for k = 0.25 and when k =
0.5, respectively. Both figures show that the RMSE performance of the
MML estimator improves as the noise variance decreases; however, the
improvement is not very pronounced. This is primarily due to the errors
caused by IRS orientation mismatches. In Fig. 5 (k = 0.25), it can be
observed that the RMSE of the MML estimator improves more notice-
ably at 6> = 10~1 than 6> = 1079, This trend becomes even clearer
in Fig. 6 (k = 0.5) where the increase in IRS orientation mismatches
results in no significant improvement in the RMSE performance when
the noise variance is reduced from o2 = 10~!5 to ¢2 = 10716, Also, it
can be observed in both figures that the RMSE performance of the ML
estimator improves considerably as the noise variance decreases, with
the best performance achieved at 62 = 10~'® and the worst performance
at > = 1074, In both figures, similar to what is observed in Fig. 2,
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Fig. 5. RMSE performance of the MML estimator versus distance of the VLC receiver
to the room center when k = 0.25 and it moves on the straight line from (0, 0, 0.85)
m towards (1.4, 1.4, 0.85) m in NLOS scenario for 2 € {107'°,10715, 10714},
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Fig. 6. RMSE performance of the MML estimator versus distance of the VLC receiver
to the room center when k = 0.5 and it moves on the straight line from (0, 0, 0.85)
m towards (1.4, 1.4, 0.85) m in NLOS scenario for 2 € {107'°,10715, 10714},

the ML estimator does not exhibits a monotonic pattern. The same IRS
orientations are employed to estimate the location of the VLC receiver
across various positions, and because the optimal IRS orientations are
position-dependent, the RMSE of the ML estimator is higher for some
positions and lower for others.

In Fig. 7, we plot the RMSE performance of the MML estimator
versus 10log,y(1/62) considering three different Lambertian orders of
the LEDs, m € {5,10,20}. The Lambertian order quantifies the extent of
the area illuminated by the LEDs. Higher Lambertian orders imply the
LED radiation pattern is focused to a smaller area and vice versa. Since
the IRSs are on the walls and the LEDs are placed to symmetrically
cover the room pointing downwards, increasing the Lambertian order
reduces the amount of light reaching to and reflected by the IRS
elements. Therefore, the RMSE performance of both the MML and ML
estimator decreases with increasing Lambertian orders of the LEDs.

5. Concluding remarks

A position estimation problem has been formulated based on re-
ceived power measurements for an IRS-assisted VLP system with a
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Fig. 7. RMSE performance of the MML estimator versus 10log,,(1/6%) when k = 0.5
in NLOS scenario and the VLC receiver is positioned at (0.5, 0.5, 0.85) meters for
m € {5,10,20}.

mismatch between the true and assumed orientations of IRS elements.
The MML estimator, MCRB and LB have been derived to quantify the
degradation in performance due to orientation mismatches. To assess
the performance degradation of the MML estimator arising from orien-
tation mismatches, a comparative analysis has been conducted against
the ML estimator and the CRB under the scenario of no orientation
mismatches. By comparing the MML and the LB with the ML estimator
and the CRB, we have demonstrated the impact of orientation mis-
matches on position estimation performance. Specifically, orientation
mismatches lead to a significant performance loss at high SNRs, thus
hindering the achievement of very low estimation errors.
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Appendix. First and second derivatives of channel coefficient

The first-order derivatives of the channel coefficient h;(x,#,) ap-
pearing in (20) and (23) with respect to the position parameter x can
be calculated using (4) as follows:

N T .
om(x.iy)  OHMS) XL s, odH S (x, T, i)

ox(m) ox(m) ox(m) @4
where
OHOS(x)  (m; + DA 1 du(x)  u(x) dv(x) 25)
ox(m) 2 v(x) 0x(n)  v2(x) Ox(n)
with
u(x) = [(x = 1) n,)™ (1, = )T ng, (26)
m;+3
v(x) = ”x -1 H , (27)
du(x)

S =M= 0 mg) [(x = 1)7m]) ™ mym) — [(x = 1) m;]™ ),

(28)
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% { 2, [ i, (m)@;, — x)Tng —~"R:m)(x 17y,
=]
_4Ge(m) = Tm)(x = )" i (@, — x)"ng ]

=

~ 11-3
(cos(By — ay ) ( — nR(m)“x -1, H
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cos(fi — ) = cos(a[k)<((x — ik)Tﬁk)”x - ik”_l>
sinGa o = T - 1] ). 3D
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g(m) = fig(z(m + 1) [(x(m) — T, (m)fiy(z(m + 1))
= (x(z(m + 1)) = T (z(m + D)ity (m)]
— 7 (2(m + 2)[(e(z(m + 2)) — T (2(m + 2)))iiy (m)
= (x(m) = L (m)iy (z(m + 2))], (35)
m, ifm<3
#m) = {m — 3, otherwise. 36)

In addition, the second-order partial derivatives of the channel
coefficient with respect to the position parameter can be derived from
(24) as follows:

N 3
Phy(xiy)  OCHYOSx) XL [g, PPdH (T 7y
0x(n)ox(m) ~ 0x(n)dx(m) 0x(n)ox(m)
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0%u(x)
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being given as follows:
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The first-order partial derivatives of f;(x), f,(x), and f3(x) in (46)—
(48) with respect to x are obtained as follows:

0fiG) _ —ng(m) _ 3(x(m) — T, m)({, — ©)Tng) o
7} 3 —

-7, -
9f2(x) =0 < 7y (m) _ (x(m) — ik(m))((x _ ik)Tilk) > .
G =
LEC " 0cos(fi — @)
0x3(m) = (1 = )y + 1) cos(fy, — ;)% 1# 5D

Moreover, the second-order derivatives of f,(x), f,(x), and f3(x) in
(46)-(48) with respect to x are also obtained as follows:
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While the first-order derivative of the channel coefficient A;(x, ii,) was

provided in [30, Eq. (12)], the second-order derivatives as specified in
(37)-(58) have not been available in the existing literature.

(62)

Data availability

No data was used for the research described in the article.



I Iddrisu and S. Gezici

References

[1]

[2]

[3]

[4]

[5]

[6]

[71

[8]

[91

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

Y. Zhuang, L. Hua, L. Qi, J. Yang, P. Cao, Y. Cao, Y. Wu, J. Thompson, H. Haas,
A survey of positioning systems using visible LED lights, IEEE Commun. Surv.
Tutor. 20 (3) (2018) 1963-1988.

M.F. Keskin, A.D. Sezer, S. Gezici, Localization via visible light systems, Proc.
IEEE 106 (6) (2018) 1063-1088.

O. Yazar, M.F. Keskin, S. Gezici, Power-efficient positioning for visible light
systems via chance constrained optimization, IEEE Trans. Aerosp. Electron. Syst.
56 (5) (2020) 4124-4131.

J. Armstrong, Y.A. Sekercioglu, A. Neild, Visible light positioning: A roadmap
for international standardization, IEEE Commun. Mag. 51 (12) (2013) 68-73.
Y. Zhuang, L. Hua, L. Qi, J. Yang, P. Cao, Y. Cao, Y. Wu, J. Thompson, H. Haas,
A survey of positioning systems using visible LED lights, IEEE Commun. Surv.
Tutor. 20 (3) (2018) 1963-1988.

S. Monica, G. Ferrari, UWB-based localization in large indoor scenarios: opti-
mized placement of anchor nodes, IEEE Trans. Aerosp. Electron. Syst. 51 (2)
(2015) 987-999.

S. Schmid, T. Richner, S. Mangold, T.R. Gross, Enlighting: An indoor visible light
communication system based on networked light bulbs, in: 13th Annual IEEE
International Conference on Sensing, Communication, and Networking, SECON,
2016, pp. 1-9.

A.M. Ciilean, M. Dimian, Current challenges for visible light communications
usage in vehicle applications: A survey, IEEE Commun. Surv. Tutor. 19 (4) (2017)
2681-2703.

R. Roberts, P. Gopalakrishnan, S. Rathi, Visible light positioning: Automotive use
case, in: Vehicular Networking Conference (VNC), 2010 IEEE, 2010, pp. 309-314.
B. Béchadergue, L. Chassagne, H. Guan, Visible light phase-shift rangefinder
for platooning applications, in: 2016 IEEE 19th International Conference on
Intelligent Transportation Systems, ITSC, 2016, pp. 2462-2468.

X. Zhang, J. Duan, Y. Fu, A. Shi, Theoretical accuracy analysis of indoor
visible light communication positioning system based on received signal strength
indicator, J. Lightwave Technol. 32 (21) (2014) 4180-4186.

B. Zhou, A. Liu, V. Lau, On the fundamental performance limit of visible light-
based positioning, in: 2019 13th International Conference on Signal Processing
and Communication Systems, ICSPCS, 2019, pp. 1-6.

E. Basar, M. Di Renzo, J. De Rosny, M. Debbah, M.-S. Alouini, R. Zhang,
Wireless communications through reconfigurable intelligent surfaces, IEEE Access
7 (2019) 116753-116773.

C. Liaskos, S. Nie, A. Tsioliaridou, A. Pitsillides, S. loannidis, 1. Akyildiz, A
new wireless communication paradigm through software-controlled metasurfaces,
IEEE Commun. Magaz. 56 (9) (2018) 162-169.

Q. Wu, R. Zhang, Towards smart and reconfigurable environment: Intelligent
reflecting surface aided wireless network, IEEE Commun. Mag. 58 (1) (2020)
106-112.

Q. Wu, R. Zhang, Intelligent reflecting surface enhanced wireless network via
joint active and passive beamforming, IEEE Trans. Wirel. Commun. 18 (11)
(2019) 5394-5409.

X. Yu, D. Xu, R. Schober, MISO wireless communication systems via in-
telligent reflecting surfaces, in: 2019 IEEE/CIC International Conference on
Communications in China, ICCC, IEEE, 2019, pp. 735-740.

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

Signal Processing 230 (2025) 109867

A.M. Abdelhady, A.K.S. Salem, O. Amin, B. Shihada, M.-S. Alouini, Visible light
communications via intelligent reflecting surfaces: Metasurfaces vs mirror arrays,
IEEE Open J. Commun. Soc. 2 (2020) 1-20.

S. Aboagye, T.M. Ngatched, O.A. Dobre, A.R. Ndjiongue, Intelligent reflecting
surface-aided indoor visible light communication systems, IEEE Commun. Lett.
25 (12) (2021) 3913-3917.

H.B. Eldeeb, S. Naser, L. Bariah, S. Muhaidat, Energy and spectral efficiency
analysis for RIS-aided V2V-visible light communication, IEEE Commun. Lett.
(2023).

Q. Wu, J. Zhang, Y. Zhang, G. Xin, J. Guo, Configuring reconfigurable intelligent
surface for parallel MIMO visible light communications with asymptotic capacity
maximization, Appl. Sci. 13 (1) (2022) 563.

S. Sun, W. Mei, F. Yang, N. An, J. Song, R. Zhang, Optical intelligent reflecting
surface assisted MIMO VLC: Channel modeling and capacity characterization,
IEEE Trans. Wireless Commun. (2023).

W. Xu, L. Gu, Energy-efficient resource optimization for IRS-assisted VLC-enabled
offshore communication system, J. Mar. Sci. Eng. 12 (5) (2024) 772.

H. Wymeersch, B. Denis, Beyond 5G wireless localization with reconfig-
urable intelligent surfaces, in: ICC 2020-2020 IEEE International Conference on
Communications, ICC, IEEE, 2020, pp. 1-6.

T. Zhou, K. Xu, Z. Shen, W. Xie, D. Zhang, J. Xu, AoA-based positioning for aerial
intelligent reflecting surface-aided wireless communications: An angle-domain
approach, IEEE Wirel. Commun. Lett. 11 (4) (2022) 761-765.

G.C. Alexandropoulos, I. Vinieratou, H. Wymeersch, Localization via multiple
reconfigurable intelligent surfaces equipped with single receive RF chains, IEEE
Wirel. Commun. Lett. 11 (5) (2022) 1072-1076.

M. Hua, Q. Wu, W. Chen, Z. Fei, H.C. So, C. Yuen, Intelligent reflecting surface
assisted localization: Performance analysis and algorithm design, IEEE Wirel.
Commun. Lett. (2023).

H. Zhang, H. Zhang, B. Di, K. Bian, Z. Han, L. Song, Towards ubiquitous
positioning by leveraging reconfigurable intelligent surface, IEEE Commun. Lett.
25 (1) (2020) 284-288.

Y. Wang, S. Wu, L. Yu, C. Xu, Z. Wang, X. Cai, RIS-assisted indoor visible
light positioning based on sparse Bayesian learning, in: 2023 3rd International
Conference on Intelligent Communications and Computing, ICC, IEEE, 2023, pp.
90-97.

F. Kokdogan, S. Gezici, Intelligent reflecting surfaces for visible light positioning
based on received power measurements, IEEE Trans. Veh. Technol. (2024).

S. Fortunati, F. Gini, M.S. Greco, C.D. Richmond, Performance bounds for
parameter estimation under misspecified models: Fundamental findings and
applications, IEEE Signal Process. Mag. 34 (6) (2017) 142-157.

O. Gonzalez, S. Rodriguez, R. Perez-Jimenez, B. Mendoza, A. Ayala, Error
analysis of the simulated impulse response on indoor wireless optical channels
using a Monte Carlo-based ray-tracing algorithm, IEEE Trans. Commun. 53 (1)
(2005) 124-130.

M.F. Keskin, A.D. Sezer, S. Gezici, Optimal and robust power allocation for visible
light positioning systems under illumination constraints, IEEE Trans. Commun.
67 (1) (2019) 527-542.

I. Iddrisu, S. Gezici, Visible light positioning under luminous flux degradation of
LEDs, 2023, arXiv preprint arXiv:2312.07742.

C. Ozturk, M.F. Keskin, H. Wymeersch, S. Gezici, RIS-aided near-field localization
under phase-dependent amplitude variations, [EEE Trans. Wireless Commun.
(2023) 1.

S. Fortunati, F. Gini, M.S. Greco, Chapter 4 - Parameter bounds under mis-
specified models for adaptive radar detection, in: R. Chellappa, S. Theodoridis
(Eds.), Academic Press Library in Signal Processing, Volume 7, Academic
Press, 2018, pp. 197-252, URL https://www.sciencedirect.com/science/article/
pii/B9780128118870000043.


http://refhub.elsevier.com/S0165-1684(24)00487-0/sb1
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb1
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb1
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb1
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb1
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb2
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb2
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb2
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb3
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb3
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb3
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb3
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb3
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb4
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb4
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb4
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb5
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb5
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb5
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb5
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb5
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb6
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb6
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb6
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb6
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb6
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb7
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb7
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb7
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb7
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb7
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb7
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb7
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb8
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb8
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb8
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb8
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb8
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb9
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb9
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb9
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb10
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb10
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb10
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb10
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb10
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb11
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb11
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb11
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb11
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb11
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb12
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb12
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb12
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb12
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb12
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb13
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb13
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb13
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb13
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb13
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb14
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb14
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb14
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb14
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb14
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb15
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb15
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb15
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb15
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb15
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb16
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb16
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb16
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb16
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb16
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb17
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb17
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb17
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb17
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb17
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb18
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb18
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb18
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb18
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb18
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb19
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb19
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb19
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb19
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb19
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb20
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb20
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb20
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb20
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb20
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb21
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb21
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb21
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb21
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb21
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb22
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb22
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb22
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb22
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb22
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb23
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb23
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb23
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb24
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb24
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb24
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb24
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb24
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb25
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb25
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb25
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb25
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb25
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb26
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb26
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb26
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb26
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb26
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb27
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb27
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb27
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb27
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb27
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb28
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb28
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb28
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb28
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb28
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb29
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb29
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb29
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb29
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb29
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb29
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb29
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb30
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb30
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb30
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb31
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb31
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb31
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb31
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb31
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb32
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb32
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb32
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb32
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb32
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb32
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb32
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb33
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb33
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb33
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb33
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb33
http://arxiv.org/abs/2312.07742
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb35
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb35
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb35
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb35
http://refhub.elsevier.com/S0165-1684(24)00487-0/sb35
https://www.sciencedirect.com/science/article/pii/B9780128118870000043
https://www.sciencedirect.com/science/article/pii/B9780128118870000043
https://www.sciencedirect.com/science/article/pii/B9780128118870000043

	Visible light positioning with intelligent reflecting surfaces under mismatched orientations
	Introduction
	System Model
	Estimation under Mismatched Orientations: MML and MCRB
	MML Estimator
	MCRB
	Derivation of the Pseudo-True Parameter
	MCRB Derivation


	Numerical Results
	Concluding Remarks
	CRediT authorship contribution statement
	Declaration of competing interest
	First and Second Derivatives of Channel Coefficient
	Appendix. First and Second Derivatives of Channel Coefficient
	Data availability
	Appendix . Data availability
	References


