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Abstract—This study addresses the challenge of achieving
high-precision indoor positioning in non-line-of-sight (NLoS)
environments through the development of an innovative visible
light positioning (VLP) system that utilizes optical intelligent
reflecting surfaces (OIRS). Unlike current hybrid methodologies
that combine both line-of-sight (LoS) and NLoS techniques
tailored for Internet of Things (IoT) environments, our novel
single-LED architecture relies solely on signals reflected by
an OIRS to facilitate accurate positioning in intricate indoor
settings where direct light paths are often obstructed. This system
employs a two-stage maximum likelihood estimation framework
that effectively integrates received signal strength (RSS) and time-
of-arrival (ToA) characteristics, thereby addressing the shortcom-
ings of traditional single-feature methods and ensuring reliable
performance in densely populated IoT scenarios. To tackle the
non-convex optimization problem, we propose an improved grey
wolf optimization (IGWQ) algorithm, which exhibits superior
positioning accuracy and convergence properties when compared
to particle swarm optimization and genetic algorithms. Simula-
tion results substantiate the framework’s efficacy, demonstrating
improved positioning accuracy. The proposed system presents a
cost-effective solution for complex indoor environments where
direct light paths are frequently obstructed, thereby advancing
the practical application of VLP technologies.

Index Terms—Visible light positioning (VLP), optical intelli-
gent reflection surface (OIRS), two-step (TS) positioning, grey
wolf optimizer (GWO).

I. INTRODUCTION

The rapid expansion of Internet of Things (IoT)-enabled
applications has significantly accelerated advancements in in-
door positioning systems (IPS), driven by critical requirements
in smart building management, healthcare monitoring, sixth-
generation (6G) network integration, and industrial automation
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[1]-[3]. Contemporary IPS aim to provide real-time, high-
precision localization and tracking of both users and IoT
devices across complex indoor environments. While global
navigation satellite systems (GNSS) like the Global Position-
ing System (GPS) remain impractical indoors due to signal at-
tenuation and multipath effects. Consequently, loT-compatible
technologies leveraging wireless signalsincluding Wi-Fi, Blue-
tooth, radio frequency identification (RFID), ultra-wideband
(UWB), and visible light communication (VLC)-have emerged
as essential solutions for connected environments [4], [5].
Among these, VLP systems exhibit distinct advantages in IoT
deployments, offering immunity to electromagnetic interfer-
ence (EMI), seamless integration with existing light-emitting
diode (LED) infrastructure, and energy-efficient operation that
directly supports sustainable IoT objectives [6].

VLP systems typically utilize light-emitting diodes (LEDs)
as dual-purpose transmitters for illumination and positioning.
Numerous researchers have engaged in extensive investigation-
s within this domain [7] [8]. Early work by Panta et al. [9]
and Yang et al. [10] established the feasibility of LED-based
indoor positioning, with subsequent research focusing on
multi-LED configurations. However, single-LED systems offer
distinct advantages in cost-sensitive or spatially constrained
environments by eliminating multi-access protocol complexity,
reducing hardware latency, and simplifying layout design [11],
[12]. Despite these benefits, single-LED VLP systems face
significant challenges in non-line-of-sight (NLoS) scenarios
[13], where signal obstruction severely degrades positioning
accuracy.

To address this, optical intelligent reflective surfaces (OIRS)
have emerged as a transformative solution to reconfigure
NLoS propagation channels [14]-[20]. Initially introduced in
2020 [21], the OIRS improves NLoS signal transmission by
establishing controllable reflective pathways. This advance-
ment facilitates reliable communication and positioning in
environments with physical obstructions [22], demonstrating
performance metrics comparable to those observed in radio
frequency contexts [23], [24]. Recent studies have demon-
strated OIRS-assisted VLP systems using discrete Bayesian
learning [25], visible light fingerprint [26], optimized unit
direction vectors [27], and multi-LED configurations [28].
However, scenarios requiring exclusive reliance on NLoS
signals-common in complex indoor layouts with persistent
obstructions-remain underexplored.

Additionally, current methodologies in VLP frequently in-



tegrate various signal characteristics, including received sig-
nal strength (RSS), angle of arrival (AoA), time of arrival
(ToA), and time difference of arrival (TDoA), to construc-
t intricate optimization problems. Traditional gradient-based
optimization techniques for maximum likelihood estimation
(MLE), often yield suboptimal solutions due to the presence
of non-convex objective functions [29]. This limitation has led
to the exploration of bio-inspired heuristic algorithms, such
as particle swarm optimization (PSO) [30], gray wolf opti-
mization (GWO) [31], whale optimization algorithms (WOA)
[32], and genetic algorithms (GA) [33], which have shown
enhanced performance in navigating complex solution spaces.
Nevertheless, existing implementations predominantly address
hybrid LoS and NLoS scenarios, leaving the effectiveness of
these algorithms in purely NLoS environments, particularly
in OIRS-assisted systems, inadequately investigated. Table I
provides a comparative analysis of relevant VLP methods ap-
plicable to NLoS environments. This table highlights the signal
characteristics employed, the types of systems implemented,
their suitability for exclusive NLoS conditions, positioning
accuracy, and the constraints associated with OIRS-assisted
VLP frameworks.

In order to address these challenges, this paper aims to
establish NLoS links through the use of OIRS, and to employ
RSS and ToA dual features of visible light signals to formulate
the requisite objective function for positioning. Additionally,
this research will leverage the advantages of the improved
GWO (IGWO) algorithm in the context of VLP systems with
full NLoS conditions. The primary contributions of this paper
are outlined as follows:

o An OIRS-assisted single-input single-output (SISO)
VLP architecture: We propose a SISO VLP architecture
where a strategically configured OIRS enables NLoS-
based positioning without requiring direct LoS connec-
tivity.

o A two-step (TS) MLE method fusing RSS and ToA
features: A hybrid signal model integrating RSS and ToA
metrics is developed, enhancing positioning stability and
accuracy compared to single-feature approaches.

e An IGWO positioning framework: An IGWO-based
solver is implemented that effectively resolves non-
convex optimization challenges while avoiding local op-
tima pitfalls inherent in traditional methods. The pro-
posed system is rigorously validated through comparative
simulations against Cramér-Rao lower bound (CRLB)
benchmarks and alternative heuristic algorithms.

The remainder of this paper is organized as follows: Section
I details the SISO system model and signal characterization.
Section III introduces the IGWO algorithm and its implemen-
tation. Section IV presents simulation results, and Section V
concludes the work.

II. SYSTEM MODEL

This paper investigates a VLP system operating under NLoS
conditions, comprising three key components: 1) a single-LED
transmitter, 2) an OIRS with multiple configurable elements,
and 3) a photodiode (PD) receiver carried by unpositioned

users. The system addresses the critical challenge where
direct LoS connectivity between the LED and user PD is
obstructed, while conventional reflection paths (from walls,
ceilings, and floors) suffer severe signal attenuation due to
geometric spreading loss during propagation [34].

To overcome these limitations, we employ a metasurface-
based OIRS that establishes high-quality single-reflection N-
LoS links through precise beam steering. All reflecting units
are assumed to maintain uniform surface reflectivity with
optimized phase modulation capabilities. The metasurface
architecture enables dynamic control over reflection param-
eters, thereby enhancing signal integrity beyond conventional
reflective surfaces. Although diffuse reflections and scattering
components from environmental surfaces inherently exist in
OIRS-assisted VLP systems, their contribution is limited to
< 8% of total received power [35]. This physical characteristic
allows us to focus exclusively on the engineered reflection path
provided by the OIRS.

Under these operational conditions, the received optical
signal at the PD through OIRS-mediated reflection in NLoS
VLP scenarios can be mathematically expressed as

= HOIRS,i(O)S (t — 7'1‘) +n (t) s (1)

where h;(t) is the i-th NLoS link impulse response aided by
the ¢-th OIRS unit, 2 = 1,--- | N, the symbol * stands for the
convolution operation, s(t) is the transmitted signal from the
transmitter LED, n(t) is additive Gaussian white noise with
variance 02, Hops,i(0) is the NLoS link channel gain, and 7;
is the NLoS link signal transmission time delay.

In indoor environments, LED used as transmitter is typi-
cally positioned on the ceiling to provide positioning services
for users while also fulfilling the illumination function. The
positioning system is shown in Fig. 1. LED normal vector
is represented as nygp = [O,O,fl]T, OIRS normal vector
is denoted as nogrs = |0, 1,O]T, and PD normal vector is
signified by npp = [0,0, 1]T. The emission of VLP signals
follows the classical Lambert radiation model [36]. Since
this paper focuses solely on the NLoS environment, the PD
receives visible light signals transmitted through the OIRS.
The reflection link channel impulse response of the LED
transmitting positioning signal as it reaches the PD through
the i-th OIRS unit of the VLP system is shown as [37]
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where ¢; 1 € [0,7/2] represents the radiance angle of the
transmitter LED in relation to the i-th OIRS unit. m is the
Lambert order characterized by the semi-angle of LED. The
term Agprs refers to the area of a single OIRS unit, while App
signifies the effective receiving area of the PD. The distances
d;1 and d; » represent the Euclidean distances from the LED
to the i-th OIRS unit and from the i-th OIRS unit to the
PD, respectively, which correspond to two segments of the
NLoS links. The variable ¢; o indicates the radiance angle



TABLE I: Comparative Analysis of Recent VLP Methods for NLoS Environments

Reference | Year | Signal Features System Type LoS/NLoS Accuracy Limitations
[10] 2013 | RSS Single-LED with | Partial NLoS | 20-30 cm Limited accuracy in NLoS, precise receiver arrange-
multiple PDs ment
[11] 2022 | RSS, Angle of inci- | Single-LED with | Partial NLoS 10-15 cm Limited update rate, complex calibration
dence Rotatable PD
[25] 2023 | RSS ORIS with multi- | NLoS 5-10 cm ORIS installation, high computational complexity
ple LEDs
[28] 2024 | RSS OIRS with multi- | NLoS 4-20 cm Precise OIRS orientation control, complex optimiza-
ple LEDs tion, limited scalability
[12] 2024 | RSS, PD orienta- | Single-LED with | LoS 5-10 cm Additional beacon hardware, limited to specific orien-
tion beacon tations, complex calibration
[27] 2025 | RSS, OIRS element | OIRS with | NLoS 4-10 cm Complex OIRS orientation optimization, high compu-
orientation single-LED tational complexity, sensitive to geometry
[26] 2025 | RSS, Fingerprints OIRS with multi- | NLoS 3-8 cm OIRS installation, sensitive to OIRS element size,
ple LEDs complex calibration
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Fig. 1: The proposed system model incorporates reflection
NLoS links facilitated by OIRS. It outlines the architecture
of an OIRS-assisted NLoS VLP system, in which the OIRS
establishes a high-quality reflective path between the
ceiling-mounted LED and the user’s PD. The strategic
placement of the OIRS on the wall enables reliable signal
transmission despite the obstruction of LoS. This
configuration exemplifies our primary innovation of achieving
precise positioning utilizing exclusively NLoS signals.

of the visible light signal emitted from the ¢-th OIRS units.
Additionally, 6; 1 and 0; » represent the angles at which the
visible light signal enters the i-th OIRS units and the PD,
respectively. The reflection coefficient of all the OIRS units is
denoted by p. Consequently, the corresponding channel gain
Hoirs,i(0) can be calculated by

(m +1) cos™ 6.1
2nd; |
COS @; 2
7le272

Homs,i(0) = pAorrs cos 0; 1

APD COS 91'72 . (3)

III. TwWO-STEP POSITIONING METHOD BASED ON
RSS/ToA FUSED FEATURES

Position estimation techniques are broadly classified into
two categories: direct positioning (DP) and TS positioning.
The DP approach directly computes the unknown location
from the received signal without intermediate parameter esti-
mation (e.g., RSS or ToA) [38]. In contrast, the TS positioning
method, widely adopted in wireless networks, first estimates
channel parameters (e.g., RSS, ToA) and subsequently de-
rives the position from these parameters. The fundamental
distinction lies in computational complexity and parameter
utilization: DP jointly optimizes over the full solution space,
while TS decouples parameter estimation and positioning,
often reducing computational load at the cost of potential error
propagation.

A. DP Method

Let ¢ = [z,9,2]" denote the unknown three-dimensional
(3D) coordinates of the PD. The DP method directly estimates
¢ via MLE [39], formulated as
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where T is the duration of the periodic signal s(t), B2 =
fOT s2(t)dt denotes the signal energy, and 7; is the ToA
corresponding to the i-th OIRS unit. (4) reveals that DP
exhaustively searches the 3D solution space, incurring high
memory and computational complexity due to the joint opti-

mization over .

B. TS Positioning Method

The TS positioning method operates in two sequential
stages: 1) parameter estimation (ToA and RSS) and 2) position
estimation.

1) Stage 1: Parameter Estimation: For the i-th OIRS link,
the MLE for ToA 7; and RSS gain IYOIRS,Z»(O) is derived as

T
7, = arg max/ yi(t)s(t — 1;)dt, ®)
0

Ti



and

1 /T
Fz/o yi(t)s(t — 7;)dt, (6)

respectively. Here, (5) maximizes the cross-correlation be-
tween the received signal y;(¢) and the transmitted waveform
s(t), while (6) provides a closed-form RSS estimate condi-
tioned on 7;.

2) Stage 2: Position Estimation: Let v =
[IA{O[RSJ(O), ey HOIRS,N(O)]T be the estimated RSS
vector, and p(¢p) = [H81Rs,1(0)> T aHgms,N(O)]T represent
the theoretical RSS vector dependent on the PD position .
The position estimate o1g is obtained via MLE

Hors,i(0) =

1
(PTs = arg max [ — —log |27X|
@ 2

_%@—NWWWTWU—MwN7 )

where the covariance matrix 3 is given by

Y =07 diag (Ey ", -+, E;N). (8)

C. Comparative Analysis

Both DP and TS methods employ MLE but differ critically
in implementation:

« DP jointly optimizes over ¢, requiring multi-dimensional
search but avoiding error propagation from intermediate
parameters.

o TS decouples estimation into two lower-dimensional
problems, reducing complexity but relying on accurate
RSS/ToA estimates. At high SNR, TS achieves superior
accuracy due to statistically efficient RSS/ToA fusion,
whereas DP’s performance is constrained by its high-
dimensional search grid.

However, both methods suffer from non-convex objective
functions (4) and (7), necessitating global optimization strate-
gies. To address this, we propose reconstructed objective func-
tions combined with heuristic algorithms to balance accuracy
and computational efficiency.

IV. IGWO ALGORITHM FOR POSITIONING

To address the computational inefficiencies associated with
the MLE-based global search processes utilized in TS po-
sitioning methods, this research introduces a bio-inspired
metaheuristic optimization framework. Specifically, the GWO,
which emulates the hierarchical leadership and cooperative
hunting strategies of grey wolves, is employed to address
the nonlinear and non-convex optimization challenges posed
by signal noise, multipath propagation, and environmental
interference in VLP systems. In contrast to traditional gradient-
based methods, GWO exhibits enhanced global exploration
with rapid convergence, demonstrated in optical engineering
and complex parameter estimation tasks [40]. By utilizing
GWO'’s model-agnostic optimization approach, the proposed
methodology effectively reduces the computational burden
associated with conventional MLE implementations, while
maintaining robustness under adverse measurement condi-
tions. This heuristic approach facilitates adaptive parameter

calibration without dependence on precise signal propagation
models, thereby enhancing system adaptability in dynamic
indoor environments.

A. GWO Algorithm Framework

The GWO algorithm is based on mathematical models that
simulate social hierarchy, encircling of prey, approaches to
prey, and the attacking behaviors observed within a population
of grey wolves [31].

1) Social Hierarchy: In the population of grey wolves,
individuals are typically classified into four distinct roles based
on their biological characteristics. The o wolf functions as the
leader of the entire pack, whose commands are adhered to and
executed by all members. The 3 wolf, regarded as the second
tier in the hierarchy, serves as a subordinate to the o wolf,
assisting in decision-making and other group activities. Should
the a wolf become incapacitated, the S wolf is often the most
suitable candidate to assume the leadership role. While the
B wolf shows respect for the o wolf, it also exerts authority
over the lower-ranking wolves. The v and w wolves occupy
the lower tiers of the hierarchy and are primarily responsible
for executing hunts. Collectively, these roles establish a well-
structured social hierarchy within the wolf pack, organized
from top to bottom.

The GWO algorithm is employed to address optimization
problems by randomly generating a specific number of wolves
within the solution space. Typically, the wolf closest to the
prey is designated as the a wolf, while three elite types of
wolves are selected thereafter according to the same principle.

This hierarchy guides the optimization process, with the top
three fittest solutions («, [, y) directing w agents.

2) Hunting Mechanism: i) Encircling prey: The initializa-
tion encircling phase is represented as

D=C0Xpey — X (K), 9)
X(k+1)=Xpy—AGD, (10)
A=a@2f —1s), (11)
C =277, (12)

where )_('prey signifies the position of the prey, while X (k)
represents the initial position of each wolf, and X (k + 1)
indicates the position of the wolf followings its movement. The
vector D represents the displacement of the wolf. The vectors
C and A serves as coefficient vector, with C representing
the random distribution vector of the prey’s position and A
representing the random weight vector that governs the wolf’s
movement in relation to the prey’s position. The symbol ®
denotes the Hadamard product. The vector 7| = [51,§Q]T,
where &1 and &» are independent random variables uniformly
distributed over the interval [0,1]. The vector 7 is defined
similarly to 7. The vector 1, = [1,1]" is also introduced,
and a is identified as the convergence factor. Grey wolves are
capable of updating their positions within the spatial vicinity
of any randomly located prey by employing (9).

ii) Approach prey: o wolf possesses the most comprehen-
sive understanding of prey position, while 5 and ~ wolves
have a secondary level of understanding. w wolf follows the



commands of the first three wolves to update its position
to approach the prey. The approach to the prey stage is
represented as

Do =C 60X, - X,
Dg=Cyo X5 — X, (13)
B —Cyo X, - %,
Xl_Xa_gl®Da7
XQZXg—g2@557 (14)
Xs=X,—A30D,,

. X+ X+ X

X(k+1)= 1+—Q+3 (15)

3

In a manner analogous to (9) and (10), the vector X (k+1)
represents the position following the iteration process. The
vectors )?a, X g, and )_('AY correspond to the positions of the
first three categories of wolves, respectively. The «, 8, and
v wolves direct the w wolf to adjust its position via the
coefficient vector. The vectors 51, 62, and 53 represent the
random distribution vectors associated with the positions of
the «, B, and ~ wolves. This indicates that, based on the
initial positions of the these three types of wolves, they operate
within a confined area to monitor the prey and subsequently
instruct the w wolf to modify its position. The vectors A,
Ag, and A3 serves as random iterative weight vectors that
characterize the movements of the w wolf in three distinct
directions. Both the vectors 61, C_"g, C_'}, and /Yl, /Yg, /Yg follow
the same updating mechanism as described in (11) and (12).

As depicted in Fig. 2, the vectors C_"l, C_"g, and C’}, delineate
the potential movement range for the «, (8, and v wolves,
which are restricted to a specific area. The displacements
corresponding to the position updates of the w wolf are
represented by the vectors 5a, 55, and l_i,, which are
combined with the random iterative coefficient vectors ffh
A, and fl},. The resultant range for the position update of the
w wolf is illustrated by the small circle with a radius R in Fig.
2.
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Fig. 2: w wolf position update mechanism. It shows how the
movements directed by «, (8, and y wolves combine to
determine the new position. The vectors C’l, Cg, and 03

define the search space boundaries, while Al, Ag, and A3
control the step size within these boundaries.
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Fig. 3: GWO-based optimization workflow: Initial
randomization, establishment of social hierarchy, and
iterative updates of positions (encircling, approaching, and
attacking) until the termination criteria are met.

iii) Attack prey: The gray wolf consistently reduces the
distance to its prey to initiate an attack. This behavior can
be modeled as an iterative process involving the scalar con-
vergence factor a, which regulates the step size of the gray
wolf’s movement. The scalar convergence factor a is defined

as
m
S22,
@ M

where M represent the maximum number of iterations, while
m denotes the current iteration count. Based on (12) and (16),
the grey wolf initiates an attack when |/Y\ < 1. Conversely,
if [A] > 1 the grey wolf will discontinue its pursuit of the
current target and seek alternative prey. The overall process of
the GWO algorithm is illustrated in the Fig. 3.

(16)

B. Positioning Optimization Formulation

In order to successfully apply the GWO algorithm to the
specified positioning optimization problem, it is essential to
initially define the fitness function, which evaluates the social
hierarchy of the different wolves. Typically, the fitness function



serves as the objective function. In this research, the objective
function for the TS positioning method is articulated as

N
J(@9,2) = o= (@)l = Y [Hoims 1(0) = Homs.:(0)],
i=1
A7)
where the vectors v and p(y) are defined in the same manner
as in (7) described above, and the ¢; norm || - ||; represents
the sum of the absolute values of the elements in the vector.
Typically, there exists no pre-existing knowledge regarding
the positions of the pack during the initialization phase;
therefore, a random initialization method is utilized. In this
context, multiple points are randomly generated within a 3D
space to function as the initial positions for the wolf pack.
Following this, a social hierarchy is determined based on the
fitness values computed using (17). Ultimately, the positioning
outcomes are derived through the iterative implementation of
(13), (14), and (15) as
[@,9.2"

= argmin [lv — pu(ep)|l;- (18)

C. IGWO Algorithm

The GWO algorithm was first proposed in 2014 [40].
Since its inception, a significant number of researchers have
conducted extensive investigations into this algorithm [41]
[42] and have introduced various modifications to address its
potential convergence difficulties and the challenges related
to local optima. This study seeks to enhance the practical
application of the GWO algorithm within an OIRS-assisted
indoor VLP system by refining the convergence factor and
the mechanisms for position updates, thereby improving the
positioning performance of the GWO algorithm.

1) The Selection of Convergence Factor: The convergence
factor of the original GWO algorithm is a critical parameter
that decreases linearly as iterations progress. In the initial
phases of the search process, a larger step size is beneficial
for broadening the search area, while a smaller step size is
more advantageous in the later stages to enhance positioning
accuracy. However, the linear descending convergence vector
outlined in (16) fails to demonstrate these desirable attributes,
indicating potential for improvement. Currently, there are pri-
marily two categories of enhancements for convergence factors
: the non-linear convergence factor [43]and the exponential
convergence factor [44], which are defined as

4

1+ (m/M)? 2

ap = , (Non-linear) (19)

and

as = 2791 (Exponential), (20)

respectively.

Among the three convergence factors examined, the non-
linear convergence factor, as expressed in (19), allows for a
significant initial step size, thereby assisting in the avoidance
of local optima. Conversely, the exponential convergence
factor, represented in (20), modifies the convergence rate by
varying its coefficient, denoted as [. A smaller coefficient

is utilized when the search area is extensive, while a larger
coefficient is employed to facilitate faster convergence. In this
study, we simulate and compare the three types of convergence
factors, each exhibiting unique performance characteristics. A
particular coordinate in three-dimensional space, identified as
(2 m, 2 m, 0.5 m), has been chosen as the target location for
the positioning test. The transmission power of the LED for
this test is established at 30 W. Furthermore, the positioning
error is defined as

Error = \/(56 — x0)2 + (g — y0)2 + (- 20)2

where &, ¢, and Z represent the estimated target coordinates,
while 29, ¢°, and 2° denote the actual target coordinates.
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Fig. 4: Positioning error comparison across linear, nonlinear,
and exponential convergence factors (I = 2). Exponential
strategy achieves minimum error with stable convergence

characteristics.

As illustrated in Fig. 4, the convergence behavior of lin-
ear and nonlinear convergence factors exhibits comparable
performance in terms of convergence speed and positioning
error during the fitness function optimization process. Howev-
er, the exponential convergence factor demonstrates superior
positioning error reduction capabilities, thereby improving
the overall optimization effectiveness. This advantage is par-
ticularly critical for indoor positioning applications within
spatially constrained environments, where rapid convergence
to high-precision solutions is essential. The selection of the
exponential convergence factor is further justified by its dual-
phase mechanism: it enables aggressive exploration during
initial iterations while transitioning to refined exploitation
in later stages. Through systematic parameter testing, we
empirically established [ = 2 as the optimal configuration.
Simulation results confirm that the exponential factor with
I = 2 achieves exceptional positioning accuracy in confined
spaces, attributable to its balanced coordination between early-
stage global search efficiency and late-stage local refinement
precision.

2) The Improvement of Iterative Strategy: In the context of
updating the positions of the wolf pack, the original GWO
algorithm employs the arithmetic mean, as specified in (15),
to determine the new locations of the wolves. However, the
wolves identified as «, (3, and ~ hold distinct hierarchical



positions within the pack, and the arithmetic mean method
fails to adequately reflect the relative importance of these three
types of wolves. Therefore, it is more suitable to implement
a weighted mean approach that considers the differing sig-
nificance of the «, 3, and v wolves. A commonly utilized
weighting strategy involves assigning weights proportional to
the Euclidean distance of the displacement of the w wolf [45],
which can be expressed as

S H3§1H2 —
X1 llz + 1 X2l + [ X2
o X2l 7 22)
[ X1ll2 + [ Xzll2 + [ Xs]|2
S H)§3H2 .
[ X1ll2 + (| X2l2 + (| Xs[2
where the £ norms || X||2, || X2||2, and || X3]|2 denote the

Euclidean distances of the displacements directed by the «, 3,
and -y wolves, respectively. The weights W7, W5, and W3 are
assigned based on these Euclidean distances. The formula for
position updates within the framework of the weighted mean
strategy is articulated as

X (k+1)= W1X:1 + W2X2 + Wg)?g. (23)

In conjunction with the aforementioned strategy (23), some
scholars have incorporated an adaptive iterative approach to
improve the balance between global search efficiency and local
performance [46]. This study employs the adaptive weighting
strategy

3
X(k+1) = (1- %) YW+ KT @
=1

which prioritizes global search early and local refinement later.
The inclusion of this strategy allows for dynamic adjustments
to the step size throughout the iterative process.

We conducted simulations to evaluate three iterative strate-
gies, each demonstrating varying performance levels. A target
position of (2 m, 2 m, 0.5 m) was established for testing, with
the LED transmission power set at 30 W. As depicted in Fig.
5, the adaptive mean strategy, as outlined in (24), shows a
significant enhancement in performance compared to both the
arithmetic mean strategy (15) and the weighted mean strategy
(23). Based on the simulation results illustrated in Fig. 5, we
will adopt the adaptive mean strategy for the purposes of this
study.

Based on extensive simulations performed in various indoor
environments, we propose standardized parameter configu-
rations for the IGWO algorithm in VLP applications. We
recommend an exponential convergence coefficient of [ = 2.0
to achieve an optimal balance between exploration and ex-
ploitation. A population size of wolves ranging from 10 to 20
is deemed adequate for three-dimensional positioning while
maintaining computational efficiency. Furthermore, we suggest
a maximum iteration count of 200 to 300 to facilitate con-
vergence without imposing an excessive computational load.
These parameter ranges have exhibited robust performance
across a variety of test scenarios, thus providing reliable
guidance for their implementation in analogous VLP systems.
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Fig. 5: Positioning error comparison across arithmetic,
weighted, and adaptive mean position update strategies.
Adaptive mean achieves minimum error and rapid
convergence in VLP applications.

D. CRLB Analyses

In order to evaluate the positioning performance of the
OIRS-assisted VLP system under consideration, the CRLB
is being employed for analytical purposes. The CRLB rep-
resents the lowest attainable variance of unbiased estimators
for particular parameters, thereby establishing a theoretical
optimal threshold for PD’s positioning error. Consequently,
the positioning performance of the system can be assessed by
computing the CRLB for the parameters associated with the
designated position. Taking into account the received signal
model presented in (1), the log-likelihood function is derived
as

1 N7 2
AP =055y /O ly: (£) — Homs. (0) s (t — 72)]%dt,
= 25)

where ¢ encompasses the coordinates of the PD within the
specified VLP system, while C represents a normalizing
constant that is independent of the unknown parameter ¢.
Based on (25), the CRLB can be determined as

Tr[J=4 ()],

where J is the Fisher Information Matrix, which can be
expressed as

J(@)=E{[VoA @) VoA ()]},

where V., representing the gradient operator with respect to
®.

CRLB = (26)

27)

V. SIMULATION RESULTS ANALYSES

This section evaluates the effectiveness of the proposed VLP
system. The simulation environment is conducted in an indoor
environment measuring 5 m in length, 5 m in width, and 3 m
in height, with key system parameters detailed in Table II. The



configuration of the LED, OIRS, and PD, along with the origin
and the coordinate axes OX, OY, and OZ, are illustrated in
Fig. 1. A single LED is mounted on the ceiling, oriented with
a normal vector of [0,0, —1]T. The OIRS is located on the wall
at y = 0 m within the room, and the units of the OIRS serve
as anchor nodes for the positioning process. The positioning
is conducted within a 3D space, where the target is equipped
with a PD that operates as a receiver, possessing a normal
vector of [0,0,1]T.

TABLE II: Key Simulation Parameters [15], [20], [26]

Item of parameters Value of parameters

(2.5 m,2.5 m,3 m)

LED coordinate

LED half-power angle ®; /5 60°
PD’s receiving area App 0.05 m x 0.05 m
PD’s FOV 85°

1.336 x 10~22 W/Hz
0.04 m x 0.02 m

Noise power spectral density o2
OIRS unit area Aprrs

OIRS unit reflectivity p 0.95
OIRS units number N 21 x 21
OIRS center coordinates (2.5 m,0 m, 1.5 m)
Iteration number 200

In our simulation, the transmission positioning signal s(t)
is set to meet the average optical power constraint while
maximizing the received signal electrical power to enhance
positioning stability, which can be achieved by employing
the following signal In the context of our simulation, the
transmission positioning signal s(¢) is designed to comply
with the average optical power constraint while simultaneously
maximizing the received electrical power of the signal to im-
prove positioning stability. This objective can be accomplished
through the implementation of the signal expressed as

s(t) =P (1—cos(2nt/T)) (1 + cos (2w f.t)), (28)

where f. denotes the center frequency of the signal, which
is maintained at 100 MHz. The parameter P signifies the
transmission power, which will be treated as a variable for the
purpose of performance evaluation throughout the simulations.
The simulation point is selected on a plane at a target height
of 0.5 meters for the purpose of positioning research.

To evaluate the positioning accuracy of the proposed IGWO
based TS VLP method, we conducted benchmark comparisons
with two established heuristic algorithms: GA [47] and PSO
[48] algorithm. This comparative analysis is illustrated in
Fig. 6. The simulation results depicted in Fig. 6 demonstrate
the positioning performance across various algorithms as a
function of the LED transmitted power within the VLP system.
For LED power levels below 20 W, it is evident from Fig.
6 that as the LED transmission power increases, the impact
of noise interference diminishes, leading to a rapid decline
in positioning error, which subsequently slows down before
converging to a limitation in positioning error when the
power exceeds 20 W, approaching the CRLB of the system.
Furthermore, in comparison to traditional heuristic algorithms
such as GA and PSO, it is apparent that these conventional
methods exhibit relatively larger positioning errors, with the
GWO algorithm achieving an average reduction of 2 cm in
positioning error. Furthermore, Fig. 6 indicates that the IGWO

algorithm exhibits superior positioning performance compared
to the GWO, GA, and PSO methods. Additionally, as depicted
in Fig. 7, the positioning error associated with the TS method
has been markedly diminished in contrast to the DP method.

—6—GWO-TS
—A—IGWO-TS

Error [m]

Fig. 6: Positioning error versus LED transmission power for

IGWO and benchmark heuristic algorithms. IGWO achieves

near-CRLB performance with enhanced noise robustness at
low power levels.
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Fig. 7: Positioning error comparison across heuristic
algorithms for DP estimation. TS approach with dual-feature
fusion achieves minimum error.

To further evaluate the positioning performance of the
IGWO algorithm presented in this paper, as well as other
benchmark algorithms within the VLP system, we conducted
a comparative analysis of the positioning convergence success
rates and convergence speeds of these algorithms across a
substantial number of iterations. The findings are depicted in
Fig. 8 and Fig. 9. As illustrated in Fig. 8, the simulation results
following the iterations provide valuable insights into the
convergence success rates. With a positioning error threshold
set at 0.01 m, the convergence success rates for both the GWO



and IGWO algorithms reach 89%, while the GA exhibits a
slightly lower success rate of 83%. The other two algorithms
achieve success rates of 58% and 37%, respectively. Moreover,
assuming that all the algorithms under consideration success-
fully perform the positioning task, as illustrated in Fig. 9, it
is noteworthy that the PSO algorithm demonstrates the most
rapid convergence rate. In contrast, the convergence speeds
of the GA, WOA, and IGWO are relatively similar. Once the
number of iterations surpasses 1000, convergence is effectively
achieved. In contrast, the GWO algorithm demonstrates a
comparatively slower convergence speed. In summary, the
IGWO algorithm exhibits a notable advantage in terms of
its convergence success rate. Although its convergence speed
is not as rapid as that of the PSO algorithm, it represents
a significant improvement in convergence speed relative to
the GWO algorithm, thereby achieving a moderate level of
performance.

100

I GWO
I (GWO | |
I GA
Cpso | ]
I WOA

Convergence success rate (%)

GWO

IGWO GA PSO
Different heuristic algorithms

WOA

Fig. 8: Convergence success rates across 1000 Monte Carlo
trials for positioning algorithms. IGWO achieves 89%
success rate at 0.01 m error threshold with enhanced

precision at stricter tolerances.

To systematically evaluate the positioning stability of the
IGWO algorithm against conventional heuristic methods, we
conducted 1000 Monte Carlo trials with randomly distribut-
ed users in a simulated indoor environment. Under a fixed
LED transmission power of 30 W, the cumulative distribution
function (CDF) curves of positioning errors were derived for
comparative analysis as demonstrated in Fig. 10. The results
indicate that 80% of the IGWO-based positioning errors fell
below 0.038 meters, significantly outperforming benchmark
algorithms. Notably, the IGWO exhibited superior stability,
with error distributions concentrated within a narrow range
across all trials, whereas competing methods showed broader
variability. This consistency highlights IGWO’s robustness in
maintaining high-precision positioning under stochastic user
distributions.

To comprehensively evaluate the positioning performance
of the IGWO algorithm across the entire testing plane, we
extend our analysis beyond point-specific simulations and
CDF evaluations. Specifically, Fig. 11 visualizes the spatial

Error [m]
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Fig. 9: Convergence characteristics of positioning algorithms:
positioning error versus iteration count. IGWO achieves
minimum final error while PSO exhibits fastest initial
convergence.
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Fig. 10: CDF of positioning errors across 1000 Monte Carlo
trials. IGWO achieves tight error distribution: 80% < 0.038
m and 95% < 0.055 m.

distribution of positioning errors at the z = 0.5 m plane
under a transmit power of P = 30 W, revealing an average
positioning error of 0.031 m. The error distribution exhibits
significant spatial heterogeneity influenced by the receiver
PD’s proximity to OIRS-equipped walls. As demonstrated
in Fig. 11, positioning accuracy degrades substantially when
the PD receiver is distant from walls containing OIRS. This
spatial correlation highlights the sensitivity of OIRS-assisted
NLoS link performance to transmitter-receiver geometric con-
figurations. Conversely, optimal accuracy (minimum error)
is achieved near the room’s central region, where multi-
path contributions from OIRS are more uniformly distribut-
ed. Furthermore, the analysis identifies an edge degradation
phenomenon: users positioned immediately adjacent to OIRS-
mounted walls experience severely compromised positioning



performance. This anomaly arises from extreme incidence
angles (¢;17 — 90°), which induce geometric attenuation
and critically weaken received signal power. To mitigate
this boundary effect, we propose a multi-OIRS deployment
strategy across orthogonal walls, thereby ensuring persistent
signal coverage through complementary reflection pathways.
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Error [m]
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Fig. 11: Spatial distribution of positioning errors on testing

plane (z = 0.5 m) with OIRS-assisted VLP. Central region

achieves < 0.02 m error. In contrast, there is a noticeable
degradation of accuracy at the boundaries.

Noted that the proposed VLP architecture necessitates two
primary hardware components: a conventional LED for illumi-
nation and positioning purposes, and an OIRS equipped with
configurable reflective elements. Contemporary commercial
LED fixtures already support modulation capabilities suitable
for VLC applications, requiring only minor firmware updates
to implement our positioning signal [6]. The OIRS technology
has experienced significant advancements in recent years [19],
[49]. For practical deployment in warehouse environments,
multiple OIRSs can be strategically placed on orthogonal
walls to ensure continuous coverage throughout the facility.
In healthcare environments, OIRSs can be integrated with ex-
isting wall-mounted equipment or decorative features, thereby
minimizing visual impact while providing comprehensive po-
sitioning coverage. The computational demands of our IGWO
algorithm are moderate, with positioning calculations typically
completing within 0.3 s on standard embedded processors, thus
facilitating real-time tracking capabilities.

VI. CONCLUSION

This study demonstrates a methodological advancement in
addressing the persistent challenge of high-precision indoor
positioning in NLoS environments. By integrating OIRS into a
single-LED VLP architecture, we have developed a system that
operates exclusively on reflected NLoS signals, eliminating de-
pendency on hybrid LoS/NLoS configurations. The proposed
TS-MLE framework, which synergistically combines RSS and
ToA features, effectively mitigates the instability inherent in

single-feature methods. To resolve the non-convex optimiza-
tion challenges, an IGWO algorithm was introduced, outper-
forming conventional heuristic approaches such as PSO and
GA algorithms in both convergence efficiency and positioning
accuracy. Simulation results confirm the system’s robustness,
achieving centimeter-level precision even in environments with
persistent obstructions. These findings not only validate the
feasibility of OIRS-assisted NLoS positioning but also provide
a cost-effective, scalable solution for real-world applications
in complex indoor settings, such as warehouses and healthcare
facilities. Future work will focus on hardware implementation
and multi-user interference mitigation to further enhance prac-
tical deployment.

These findings not only validate the feasibility of OIRS-
assisted NLoS positioning but also provide a cost-effective
solution for real-world applications in complex indoor set-
tings. In warehouse environments, our system enables precise
inventory tracking and personnel localization despite frequent
obstructions from shelves and equipment, with potential ap-
plications in automated guided vehicle navigation and inven-
tory management systems. Similarly, in healthcare facilities,
the technology offers reliable patient and medical equipment
tracking without electromagnetic interference concerns, ad-
dressing critical needs in patient monitoring and resource
allocation. The system’s compatibility with existing lighting
infrastructure makes it particularly attractive for retrofit appli-
cations in both settings.

REFERENCES

[1] S. E. Trevlakis, A.-A. A. Boulogeorgos, D. Pliatsios, J. Querol, K. N-
tontin, P. Sarigiannidis, S. Chatzinotas, and M. Di Renzo, “Localization
as a key enabler of 6G wireless systems: A comprehensive survey and
an outlook,” IEEE Open Journal of the Communications Society, vol. 4,
pp. 27332801, 2023.

[2] X. Li, Y. Zheng, J. Zhang, S. Dang, A. Nallanathan, and S. Mumtaz,
“Finite SNR diversity-multiplexing trade-off in hybrid ABCom/RCom-
assisted NOMA networks,” IEEE Transactions on Mobile Computing,
vol. 23, no. 10, pp. 9108-9119, Oct. 2024.

[3] X.Li, Q. Wang, M. Zeng, Y. Liu, S. Dang, T. A. Tsiftsis, and O. A. Do-
bre, “Physical-layer authentication for ambient backscatter-aided NOMA
symbiotic systems,” IEEE Transactions on Communications, vol. 71,
no. 4, pp. 2288-2303, Apr. 2023.

[4] Q. Li, X. Liao, M. Liu, and S. Valaee, “Indoor localization based on CSI
fingerprint by siamese convolution neural network,” IEEE Transactions
on Vehicular Technology, vol. 70, no. 11, pp. 12 168-12 173, 2021.

[5] C. Ma, B. Wu, S. Poslad, and D. R. Selviah, “Wi-Fi RTT ranging
performance characterization and positioning system design,” IEEE
Transactions on Mobile Computing, vol. 21, no. 2, pp. 740-756, 2020.

[6] Y. Zhuang, L. Hua, L. Qi, J. Yang, P. Cao, Y. Cao, Y. Wu, J. Thompson,
and H. Haas, “A survey of positioning systems using visible LED lights,”
IEEE Communications Surveys & Tutorials, vol. 20, no. 3, pp. 1963—
1988, 2018.

[7]1 Z. Liang, H. Lu, H. Kong, J. Zhou, X. Liu, D. Chen, J. Jin, J. Wang,
and H. Zhang, “Rate optimization based on successive convex approx-
imation algorithm in the self-powered visible light communication and
positioning system,” IEEE Transactions on Wireless Communications,
vol. 23, no. 11, pp. 16559-16 574, 2024.

[8] K. Zhang, Z. Zhang, and B. Zhu, “Beacon LED coordinates estimator
with selected AOA estimators for visible light positioning systems,”
IEEE Transactions on Wireless Communications, vol. 23, no. 3, pp.
1713-17217, 2023.

[9] K. Panta and J. Armstrong, “Indoor localisation using white LEDs,”
Electronics letters, vol. 48, no. 4, pp. 228-230, 2012.

[10] S.-H. Yang, E.-M. Jung, and S.-K. Han, “Indoor location estimation
based on LED visible light communication using multiple optical
receivers,” IEEE Communications Letters, vol. 17, no. 9, pp. 1834-1837,
2013.



(11]

[12]

[13]

[14]

[15]

[16]

(17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

(30]

[31]

R. Liu, Z. Liang, K. Yang, and W. Li, “Machine learning based visible
light indoor positioning with single-LED and single rotatable photo
detector,” IEEE Photonics Journal, vol. 14, no. 3, pp. 1-11, 2022.

J. Chen, Y. Zhang, S. He, and X. Lu, “High-accuracy visible light
positioning algorithm using single LED lamp with a beacon,” IEEE
Access, vol. 12, pp. 102337-102 344, 2024.

S. Ma, B. Li, G. Zhang, H. Li, C. Qiu, C. Yu, S. Li, and C. Shen,
“Centimeter-level 3-D mobile online visible light positioning system
with single LED lamp,” IEEE Internet of Things Journal, vol. 11, no. 1,
pp. 418-429, 2024.

F. Wang, M. Lu, X. Li, L. Yang, S. Mumtaz, and A. Nallanathan,
“Enhancing secrecy of indoor optical RIS aided SSK VLC downlink,”
IEEE Transactions on Wireless Communications, vol. 24, no. 4, pp.
2783-2796, 2025.

Y. Sun, F. Wang, R. Li, S. Shi, Y. Li, X. Li, and W. Xiang, “Joint SSK
assisted by mirror array grouping and LEDs in indoor VLC system,”
IEEE Transactions on Vehicular Technology, pp. 1-1, 2025.

A. Singh, M. Ayyash, H. B. Salameh, and S. Almajali, “On the
optimal evaluation of the irradiance angle and the orientation in OIRS-
aided vehicle communication systems,” IEEE Transactions on Vehicular
Technology, vol. 74, no. 3, pp. 5141-5145, 2025.

X. Li, Z. Tian, J. Zhang, X. Xu, H. Peng, and L. Li, “Performance
analysis of covert communication in IRS-assisted NOMA networks,”
SCIENTIA SINICA Informationis, vol. 54, no. 6, pp. 2502-1515, 2024.
J. Jalali, H. Tabassum, J. Famaey, W. Saad, and M. Uysal, “Placement,
orientation, and resource allocation optimization for cell-free OIRS-
aided OWC network,” IEEE Transactions on Vehicular Technology,
vol. 74, no. 6, pp. 10011-10016, 2025.

S. Sun, F. Yang, W. Mei, J. Song, Z. Han, and R. Zhang, “Optical
IRS for visible light communication: From optics model to association
model,” IEEE Wireless Communications, vol. 32, no. 4, pp. 162-169,
2025.

B. Xu, B. Lin, J. Chen, B. Zheng, G. Pang, J. Luo, and Z. Ghassemlooy,
“OIRS-assisted NLOS visible light communication systems: Modeling,
optimization, and experimental validation,” IEEE Internet of Things
Journal, pp. 1-1, 2025.

A. M. Abdelhady, A. K. S. Salem, O. Amin, B. Shihada, and M.-
S. Alouini, “Visible light communications via intelligent reflecting
surfaces: Metasurfaces vs mirror arrays,” IEEE Open Journal of the
Communications Society, vol. 2, pp. 1-20, 2020.

H. Ajam, M. Naja, V. Jamali, and R. Schober, “Channel modeling for
IRS-assisted FSO systems,” in 2021 IEEE Wireless Communications and
Networking Conference (WCNC). 1EEE, 2021, pp. 1-7.

X. Li, M. Liu, S. Dang, N. C. Luong, C. Yuen, A. Nallanathan,
and D. Niyato, “Covert communications with enhanced physical layer
security in RIS-assisted cooperative networks,” IEEE Transactions on
Wireless Communications, vol. 24, no. 7, pp. 5605-5619, 2025.

X. Li, J. Zhao, G. Chen, W. Hao, D. B. Da Costa, A. Nallanathan,
H. Shin, and C. Yuen, “STAR-RIS assisted covert wireless commu-
nications with randomly distributed blockages,” IEEE Transactions on
Wireless Communications, vol. 24, no. 6, pp. 4690-4705, 2025.

Y. Wang, S. Wu, L. Yu, C. Xu, Z. Wang, and X. Cai, “RIS-assisted
indoor visible light positioning based on sparse Bayesian learning,” in
2023 3rd International Conference on Intelligent Communications and
Computing (ICC). 1EEE, 2023, pp. 90-97.

G. Cheng, F. Wang, Z. Zhang, X. Li, N. C. Luong, and A. Nallanathan,
“Optical IRS-aided indoor visible light fingerprint localization,” IEEE
Transactions on Green Communications and Networking, pp. 1-1, 2025.
E. Tarhan, F. Kokdogan, and S. Gezici, “IRS aided visible light posi-
tioning with a single LED transmitter,” Digital Signal Processing, vol.
156, p. 104799, 2025.

F. Kokdogan and S. Gezici, “Intelligent reflecting surfaces for visible
light positioning based on received power measurements,” IEEE Trans-
actions on Vehicular Technology, vol. 73, no. 9, pp. 13 108-13 121, 2024.
X. Liu, D. Zou, N. Huang, and Y. Wang, “An efficient iterative least
square method for indoor visible light positioning under shot noise,”
1IEEE Photonics Journal, vol. 15, no. 1, pp. 1-10, 2022.

B. Zhou, V. Lau, Q. Chen, and Y. Cao, “Simultaneous positioning
and orientating for visible light communications: Algorithm design and
performance analysis,” IEEE Transactions on Vehicular Technology,
vol. 67, no. 12, pp. 11790-11 804, 2018.

S. Bastiaens, S. K. Goudos, W. Joseph, and D. Plets, “Metaheuristic
optimization of LED locations for visible light positioning network
planning,” IEEE Transactions on Broadcasting, vol. 67, no. 4, pp. 894—
908, 2021.

(32]

(33]

[34]

[35]

[36]

[37]

(38]

(39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

X. Meng, C. Jia, C. Cai, F. He, and Q. Wang, “Indoor high-precision 3D
positioning system based on visible-light communication using improved
whale optimization algorithm,” Photonics, vol. 9, no. 2, p. 93, 2022.
S. Xu, Y. Wu, X. Wang, and F. Wei, “Indoor high precision positioning
system based on visible light communication and location fingerprint-
ing,” Journal of Lightwave Technology, vol. 41, no. 17, pp. 5564-5576,
2023.

T. Zuo, F. Wang, and J. Zhang, “Sparsity signal detection for in-
door GSSK-VLC system,” IEEE Transactions on Vehicular Technology,
vol. 70, no. 12, pp. 12975-12984, 2021.

K. Lee, H. Park, and J. R. Barry, “Indoor channel characteristics for
visible light communications,” IEEE Communications Letters, vol. 15,
no. 2, pp. 217-219, 2011.

T. Komine and M. Nakagawa, “Fundamental analysis for visible-light
communication system using LED lights,” IEEE transactions on Con-
sumer Electronics, vol. 50, no. 1, pp. 100-107, 2004.

S. Sun, FE. Yang, J. Song, and Z. Han, “Joint resource management for
intelligent reflecting surface—aided visible light communications,” IEEE
Transactions on Wireless Communications, vol. 21, no. 8, pp. 6508—
6522, 2022.

M. F. Keskin, S. Gezici, and O. Arikan, “Direct and two-step position-
ing in visible light systems,” IEEE Transactions on Communications,
vol. 66, no. 1, pp. 239-254, 2017.

H. Yang, Y. Wang, S. Xu, J. Bi, H. Jia, and C. Seow, “Ultra-wideband
ranging error mitigation with novel channel impulse response feature pa-
rameters and two-step non-line-of-sight identification,” Sensors, vol. 24,
no. 5, p. 1703, 2024.

S. Mirjalili, S. M. Mirjalili, and A. Lewis, “Grey wolf optimizer,”
Advances in Engineering Software, vol. 69, pp. 46-61, 2014.

Z. Wang, Z. Liang, R. Liu, X. Li, and H. Li, “Design and performance
analysis for indoor visible light positioning with single-LED and single-
tilted-rotatable-PD,” IEEE Transactions on Instrumentation and Mea-
surement, 2024.

M. H. Nadimi-Shahraki, H. Zamani, Z. A. Varzaneh, A. S. Sadiq, and
S. Mirjalili, “A systematic review of applying grey wolf optimizer, its
variants, and its developments in different Internet of things application-
s,” Internet of Things, p. 101135, 2024.

C.-Y. Chiu, P-C. Shih, and X. Li, “A dynamic adjusting novel glob-
al harmony search for continuous optimization problems,” Symmetry,
vol. 10, no. 8, p. 337, 2018.

F. Rezaei, H. R. Safavi, M. Abd Elaziz, S. H. A. El-Sappagh, M. A.
Al-Betar, and T. Abuhmed, “An enhanced grey wolf optimizer with a
velocity-aided global search mechanism,” Mathematics, vol. 10, no. 3,
p. 351, 2022.

M. R. S. Malik, E. R. Mohideen, and L. Ali, “Weighted distance
Grey wolf optimizer for global optimization problems,” in 2015 IEEE
international conference on computational intelligence and computing
research (ICCIC). 1EEE, 2015, pp. 1-6.

C. Ma, H. Huang, Q. Fan, J. Wei, Y. Du, and W. Gao, “Grey wolf
optimizer based on Aquila exploration method,” Expert Systems with
Applications, vol. 205, p. 117629, 2022.

J. H. Holland, Adaptation in Natural and Artificial Systems: An Intro-
ductory Analysis with Applications to Biology, Control, and Artificial
Intelligence. The MIT Press, 1992.

J. Kennedy and R. Eberhart, “Particle swarm optimization,” in Proceed-
ings of ICNN95 - International Conference on Neural Networks, ser.
ICNN-95, vol. 4. IEEE, pp. 1942-1948.

S. Aboagye, T. M. N. Ngatched, A. R. Ndjiongue, O. A. Dobre, and
H. Shin, “Liquid crystal-based RIS for VLC transmitters: Performance
analysis, challenges, and opportunities,” IEEE Wireless Communication-
s, vol. 31, no. 4, pp. 98-105, 2024.



	Introduction
	System Model
	Two-Step Positioning Method Based on RSS/ToA Fused Features
	DP Method
	TS Positioning Method
	Stage 1: Parameter Estimation
	Stage 2: Position Estimation

	Comparative Analysis

	IGWO Algorithm for Positioning
	GWO Algorithm Framework
	Social Hierarchy
	Hunting Mechanism

	Positioning Optimization Formulation
	IGWO Algorithm
	The Selection of Convergence Factor
	The Improvement of Iterative Strategy

	CRLB Analyses

	Simulation Results Analyses
	Conclusion
	References

