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Abstract: 5G positioning technology has become deeply integrated into daily life. However, in
wireless signal propagation environments, there may exist non-line-of-sight (NLOS) conditions,
which lead to signal blockage and subsequently hinder the provision of positioning services. To
address this issue, this paper proposes an intelligent reflecting surface (IRS) NLOS time difference of
arrival–angle of arrival (TDOA-AOA) localization (INTAL) algorithm. First, the algorithm constructs
a system model for 5G IRS localization, effectively overcoming the challenges of positioning in NLOS
paths. Then, by applying the multiple signal classification algorithm to estimate the time delay and
angle, and using the Chan algorithm to obtain the user’s estimated coordinates, an optimization
problem is formulated to minimize the distance between the estimated and actual coordinates. The
tent–snake optimization algorithm is employed to solve this optimization problem, thereby reducing
localization errors. Finally, simulations demonstrate that the INTAL algorithm outperforms the
snake optimization (SO) algorithm and the gray wolf optimization (GWO) algorithm under the same
conditions, reducing the localization error by 56% and 60% on average, respectively. Additionally,
when the signal-to-noise ratio is 30 dB, the localization error of the INTAL algorithm is only 0.2968 m,
while the errors for the SO and GWO algorithms are 0.6733 m and 0.7398 m, respectively. This further
proves the significant improvement of the algorithm in terms of localization accuracy.

Keywords: intelligent reflecting surface; TDOA-AOA; localization

1. Introduction

With the rapid advancement of mobile communication technologies, numerous emerg-
ing applications, such as autonomous driving, virtual reality, and the metaverse, demand
increasingly high-resolution positioning capabilities [1–5]. Autonomous driving systems
typically require an accuracy within 10 cm to ensure safety and precision. For virtual
reality applications, positioning accuracy between 1 and 10 cm is essential to enhance
user experience. In metaverse applications, spatial interaction necessitates a positioning
accuracy close to 5 cm to support precise operations within virtual environments. Therefore,
positioning services based on 5G have become an essential component of modern life, with
widespread applications in multiple fields. Given this, research on positioning methods
under 5G technology is urgent and of significant practical importance [6–8].

Currently, significant research progress has been made in 5G positioning technologies,
including positioning methods for 5G cellular networks such as time of arrival (TOA) [9],
time difference of arrival (TDOA) [10], angle of arrival (AoA) [11], and received signal
strength (RSS) [12]. These methods determine the location of mobile devices by measuring
one or more parameters based on the propagation and reception of signals from mobile
communication base stations (BSs). Yao et al. [13] proposed a TOA cross underwater
positioning method for LBL systems in complex underwater environments with uncertain
sound speeds, establishing an optimization function of total residual squares and employing
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a nonlinear least squares optimization model, which effectively enhances the accuracy
of underwater positioning targets. Liu et al. [14] introduced a method to gradually
improve accuracy by treating the propagation speed as an unknown parameter estimated
simultaneously with the source location, formulating this joint estimation as a problem
of quadratically constrained quadratic optimization, which reduces the bias in estimated
parameters by minimizing the impact of TDOA measurement errors. The simulation results
show the effectiveness of this method, particularly under low signal-to-noise ratios. Hong
et al. [15] proposed a learning-based AoA estimation method aimed at enhancing the
accuracy of device-free localization. This approach employs a multilayer perceptron model
to reduce errors in multipath component identification, thereby improving localization
accuracy. It is particularly suitable for AoA estimation in low signal-to-noise ratio (SNR)
scenarios within ultra-wideband systems. Li et al. [16] developed a WiFi indoor localization
model based on non-uniform quantized received signal strength indicator entropy. By
selecting access points with high distinctiveness, this model optimizes the construction of
the fingerprint database, significantly enhancing localization accuracy while minimizing
storage overhead. This approach also demonstrates strong robustness under low-SNR
conditions. However, complex geographical environments and object obstructions, leading
to non-line-of-sight (NLOS) conditions, severely affect communication between BS and
devices, impacting communication quality and positioning accuracy. Thus, traditional
positioning techniques fail to meet the localization demands in NLOS environments.

Intelligent reflecting surfaces (IRSs) [17–19] can smartly reconfigure the wireless propa-
gation environment to address issues between BSs and mobile devices in NLOS conditions,
playing a significant role in the advancement of next-generation wireless communication
technologies and attracting widespread attention in recent years. An IRS consists of numer-
ous passive, programmable, non-powered reflective elements, which can independently
and dynamically change the amplitude and phase of reflected signals, thereby controlling
the propagation path and direction of signals for reception by mobile devices located at
different positions [20]. IRS features include low hardware costs, easy deployment, low
power consumption, high energy efficiency, and programmability, which can improve
signal coverage, enhance communication quality, boost communication security, and signif-
icantly increase the energy efficiency of wireless communication systems [21]. In NLOS
conditions, IRSs can be deployed as smart reflectors on building facades, residential areas,
vehicles, or other objects [22]. When the BS transmits signals, the real-time adjustment of
the reflected beam direction by the IRS, along with changes in signal amplitude and phase,
enables the signals to bypass obstacles, thus dynamically adjusting and optimizing signal
propagation. Therefore, researching IRS-based solutions to address localization demands
in NLOS environments holds significant importance.

In recent years, numerous scholars have conducted in-depth studies on positioning
algorithms based on IRSs. By adjusting the phase and amplitude of reflected signals, IRSs
enable the estimation of user device locations [23]. Moreover, deploying IRSs in the signal
propagation path effectively reduces signal attenuation and path blockage, thereby address-
ing the positioning challenges in NLOS scenarios [24,25]. For instance, Rinchi et al. [26]
proposed a novel single-anchor algorithm for IRS-assisted positioning systems and applied
compressed sensing techniques. Their data showed that positioning accuracy improved
by an order of magnitude compared to unoptimized IRS phases. Dardari et al. [27], fo-
cusing on NLOS channels, proposed a method based on the OFDM downlink system
and tested two practical signaling and positioning algorithms. They demonstrated that
high-accuracy positioning can still be maintained even when the IRS is obstructed. Zhang
et al. [28] considered the precise positioning of numerous energy-limited devices and pro-
posed an IRS-assisted device positioning method aimed at minimizing total transmission
power. They developed an optimization scheme for multi-antenna BSs and IRSs, achieving
decimeter-level positioning accuracy under low power consumption. Huang et al. [29]
investigated the potential for joint localization and environmental sensing in millimeter-
wave communication systems using NLOS paths. They proposed a linear weighted least
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squares estimator to simultaneously estimate the positions of the user equipment and
environmental scatterers. This method enhances localization accuracy by utilizing NLOS
paths in rich scattering environments. To further address the reliance on line of sight
(LOS) in traditional positioning methods, Huang et al. [30] proposed an IRS-based RSS
positioning algorithm. By maximizing the signal strength of unknown nodes through IRS
phase adjustments, the method accurately estimated the positions of target nodes. The
above studies successfully demonstrated the ability of IRSs to solve positioning issues
in NLOS environments. However, the above studies did not consider the impact of the
number of IRS elements on positioning accuracy.

In response to this issue, this paper proposes an IRS-assisted TDOA-AOA localization
scheme, leveraging multiple IRSs to enhance positioning accuracy through the combined
use of the multiple signal classification (MUSIC) and Chan algorithms. The main contribu-
tions of this paper are as follows:

• We developed a 5G IRS localization (GIL) system model, consisting of a BS, multiple
IRSs, and a user to be located (US). In GIL, the BS and the US do not have a LOS link,
and signals can only be reflected via IRSs to the BS, effectively overcoming issues with
poor positioning in the NLOS link.

• We propose an IRS NLOS TDOA-AOA localization (INTAL) algorithm. By combin-
ing the MUSIC and Chan algorithms, this method estimates the three-dimensional
positions of US. It formulates an optimization problem that minimizes the distance
between each estimated coordinate and the actual coordinate.

• A tent–snake optimization (tent–SO) algorithm is used to solve the optimization prob-
lem. Initially, tent chaos mapping is introduced to distribute the initial positions
of the population uniformly, addressing the issue of local optima; subsequently, an
improved dimensional strategy selection is used to overcome the stagnation of indi-
vidual positions in the later stages of iterations; finally, improved mating selection is
used to prevent premature convergence and balance the exploration and exploitation
capabilities of the algorithm, helping to reduce goodness of fit.

• In the simulation section, it can be seen that the INTAL algorithm has superior per-
formance to both SO and gray wolf optimization (GWO) algorithms and reduces the
localization error by 56% and 60% on average, respectively, under the same conditions.

2. System Model

The GIL system model is illustrated in Figure 1. This system comprises a BS, I(I ≥ 3)
IRSs, and a US. The BS is equipped with W uniformly vertically aligned antennas, denoted
as ANT = {ANT1, ANT2, · · · , ANTw, · · · ANTW}, with a spacing of d between antennas,
facilitating communication to detect the position of the US. The IRSs are denoted by
IRS = {IRS1, IRS2, · · · , IRSi, · · · IRSI}, i = 1, · · · I, where IRSi represents the i-th IRS,
each composed of K uniformly vertically aligned reflective elements, with IRS1 located
at (x1, y1, z1) serving as the reference IRS [27]. Its reflective elements are denoted by
U =

{
Ui

1, Ui
2, · · · , Ui

k, · · · , Ui
K
}

, k = 1, · · · , K, where Ui
k indicates the k-th reflective element

of IRSi [31]. US is equipped with a single antenna. It is assumed in the GIL scenario that
due to obstructions from buildings, direct communication between the BS and US is not
possible. Communication between the two can be established through the IRSs, which not
only receive signals transmitted by the BS but also adjust the amplitude and phase shift of
these signals through its reflective elements to reflect them back to the US. It is assumed
that the position of the US is unknown, with coordinates (x, y, z), while the positions of the
BS and IRSs are known, with the BS located at (xB, yB, zB) and each IRSi at (xi, yi, zi).

Assume that the US transmits a signal to the IRS, which then reflects the signal to the
BS in the US-IRS-BS phase, as illustrated in Figure 2. Let the phase shift matrix of RISi be
defined as Θi = diag

(
γ1

i ejθ1
i , · · · , γk

i ejθk
i , · · · , γK

i ejθK
i

)
, where diag(.) denotes the diagonal

matrix, θk
i represents the phase shift of Uk on RISi, with θk

i ∈ [0, 2π]; γk
i represents the

amplitude reflection coefficient of Uk on RISi.
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Figure 1. Illustration of GIL system model.

Figure 2. Illustration of US-IRS signal propagation.

Orthogonal frequency division multiplexing (OFDM) transmission schemes have been
widely adopted in positioning systems due to their advantages of high spectral efficiency,
power efficiency, and simplified signal processing. Therefore, the system employs an
OFDM transmission scheme, where the channel from the US to the IRS for subcarrier n is
given by

Hi,U
n =

[
h1,U

n , h2,U
n ...hi,U

n ...hI,U
n

]
, (1)

where hi,U
n is represented as follows:

hi,U
n = αi · e−j2π( n

T )(
(k−1)d

c cos(θi,u)+τirsi
), (2)

where αi denotes the channel fading coefficient for the i-th IRS, τirsi represents the time
delay difference caused by the i-th IRS and the reference IRS, θi,u is the AoA for the i-th IRS,
and θI,U belongs to [0, π]. T represents the corresponding bandwidth.
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The total wireless communication channel HB,i
n ∈ CW×K from the IRS to the BS is

expressed as follows:

HB,i
n =

 h1,1
n · · · h1,I

n
...

. . .
...

hW,1
n · · · hW,I

n


T

, (3)

where hW,I
n is expressed as follows:

hW,I
n = αw,i · e

j2π nd
T

[
(k−1) cos(φb,i)

c −
(w−1) cos(θb,i)

c

]
, (4)

where αw,i denotes the channel fading coefficient from the i-th IRS to the w-th antenna
ANTw, φb,i is the AOD of the outgoing signal, and θb,r is the AOA of the channel path,
with both angles ranging within [0, π]. Thus, the total channel for IRSi assisting US in
communicating with the BS is expressed as follows:

HU,B = HU,IΘiHI,B

=
[

h1
i , h2

i , · · · , hK
i

]
diag

(
γ1

i ejθ1
i , · · · , γk

i ejθk
i , · · · , γK

i ejθK
i

)
hB,1

I,1 · · · hB,1
I,K

...
. . .

...
hB,1

I,1 · · · hB,W
I,K


T

. (5)

When the US sends a known signal s, let YU,B represent the total sum of all I IRS-
reflected signals received by the BS, which is expressed as follows:

YU,B = HU,Bs + n = HU,IΘiHI,Bs + n (6)

where n represents the Gaussian white noise of σ2.

3. INTAL Algorithm
3.1. Angle and Delay Estimation

To achieve accurate angle positioning of the US, the MUSIC algorithm is employed to
estimate the vertical AoA of the signal at point IRSi [32]. First, the covariance matrix of the
received signals is calculated as follows:

RYU,B = E
[
(YU,B)(YU,B)

H
]

= (HU,B)
HE
[
(S)(S)H

]
HU,B + E

[
(n)(n)H

]. (7)

Then, the steering vector for the angle and delay is expressed as

ρn
(
θi,u, τirsi

)
= jθi + j2π(

n
T
)

[
(k− 1)d

c
cos(θi,u) + τirsi +

(k− 1)d cos(φb,i)

c
− (w− 1)d cos(θb,i)

c

]
.

(8)

By performing a peak search on the MUSIC spatial spectrum, the angle θi,u and delay
τirsi of the signal transmitted by the US and received at IRS can be estimated. This is
expressed in the following equation:

Pmusic
(
θi,u, τirsi

)
= arg

(
1

ρn
(
θi,u, τirsi

)HQQHρn
(
θi,u, τirsi

)
)

, (9)

where Q represents the noise subspace.
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3.2. Calculation of US-Estimated Coordinates

As shown in Figure 3, the relationship between the US, IRS, and point θi,u is described by

tan(θi,u) =

√
(xi − x)2 + (yi − y)2

zi − z
. (10)

The distance di from the US to point IRSi is expressed as follows:

di =

√
(xi − x)2 + (yi − y)2 + (zi − z)2. (11)

The distance difference between the US to the i-th IRS and the US to the reference
point IRS1 is given by

di,1 = di − d1 = cτirsi . (12)

When the heights of all IRSs are consistent, substituting Equations (10) and (11) into
Equation (12) yields the following expanded form:

d2
i,1 + 2di,1d1 =

(
1 +

1
tan2(θi,u)

)
(Ki − 2xi,1x− 2yi,1y− K1), (13)

where Ki = x2
i + y2

i constructs the error vector as follows:

e = h−GaZα. (14)

where

h =


d2

2,1 −
(

1 +
1

tan2(θ2,u)

)
(K2 − K1)

d2
3,1 −

(
1 +

1
tan2(θ3,u)

)
(K3 − K1)

...

, (15)

Ga = −


2x2,1 2y2,1 2d2,1

2x3,1 2y3,1 2d3,1

...

. (16)

Then, the initial position is obtained using the least squares algorithm, and its expres-
sion is as follows:

oa0 =
(

GT
a Gα

)−1
GT

α h. (17)

Taking the initial value as the true value, a second weighted least squares estimation
is performed, and its expression is as follows:

oa1 =
(

GT
a Ψ−1

1 Gα

)−1
GT

α Ψ−1
1 h

oa2 =
(

GT
a Ψ−1

2 Gα

)−1
GT

α Ψ−1
2 h

, (18)

where Ψj, j = {1, 2} represents the weighting matrix for two iterations of the weighted
least squares estimation, and Ψj = E

(
eeT) = c2BjQBj. Q represents the diagonal matrix

of the distance between the initial position and point IRS, and oa1 is the updated position
taken as the true value to calculate B2, perform a second weighted least squares estimation
to obtain the Chan estimated position (x, y), and substitute the obtained estimated position
(x, y) into Equation (11); thus, the final position (x, y, z) of US can be determined [33].
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Figure 3. Illustration of the pitch angle relationship between US and IRS.

3.3. Tent–Snake Optimization

By calculating the difference between each estimated point and the actual position, and
minimizing the sum of these differences, the fitness function F(x, y, z) is designed based
on this principle to seek the individual with the best consistency between the actual value
and the estimated value, which is the optimal solution (x, y, z) for the improved snake
optimization algorithm. First, the fitness (error distance) function is expressed as follows:

F(x, y, z) = min
M

∑
m=1

√
(xt − x)2 + (yt − y)2 + (zt − z)2, (19)

where M represents the number of experimental iterations. The SO algorithm is a mathe-
matical simulation and modeling approach inspired by the foraging and mating behaviors
of snakes. This algorithm is recognized for its simplicity, efficiency, strong global search
capabilities, fast convergence speed, and its ability to balance exploration and exploitation.
The specific process of the tent–SO algorithm is illustrated in Figure 4.

Figure 4. Flowchart of the tent–SO algorithm.
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3.3.1. Initial Population Position

In the stage of generating the initial positions of snake individuals, this paper addresses
the lack of diversity caused by randomly generated initial positions by introducing the
tent chaotic map. This enhances the optimization performance of the algorithm. The tent
chaotic map exhibits non-periodicity and ergodicity, ensuring a uniform distribution of the
initial population within the search space, helping the algorithm avoid local optima and
improve global search capabilities. The tent chaotic map is expressed as follows:

Γ(c + 1) =

{
Γ(c)/l Γ(c) ∈ [0, l]

(1− Γ(c))/(1− l) Γ(c) ∈ [l, 1]
, (20)

where Γ(1) takes the values of (0, 1), and l ⊂ rand(0, 1) is further used to generate the
initial positions of the snakes as follows:

Li = Lmin + Γ(c)× (Lmax − Lmin), (21)

where Li represents the initial position of the i-th individual, i = {1, 2, · · · , U}. U denotes
the population size, and Lmax and Lmin refer to the upper and lower bounds of the search
space, respectively. It is assumed that the ratio of females to males in the snake population is
evenly distributed at 50 percent, denoted as Um ≈ UMAX

2 and U f ≈ UMAX
2 . The population

is then divided into male and female subpopulations, where Um represents the male
individuals and U f represents the female individuals.

Subsequently, the search process of the algorithm is divided into two phases: the
exploration phase and the exploitation phase. In these phases, the male and female individ-
uals with the smallest fitness values are denoted as Lbest

m and Lbest
f , respectively, while the

individual with the overall smallest fitness value is considered as the food source location,
denoted as L f ood.

3.3.2. Exploration Phase (Q < α)

Due to environmental and food factors, snakes do not search for food in their immedi-
ate surroundings. If (Q < α) (where Q is the food factor), snakes will search for food at
random locations and update their positions. The food factor Q is defined as follows:

Q = c1 ∗ e
(

p−pmax
pmax

)
, (22)

where p represents the number of iterations, pmax denotes the maximum number of itera-
tions, and c1 is a constant, typically set to 0.5. Due to cold weather and food scarcity, snakes
will not search for food in their immediate surroundings. Instead, both male and female
individuals randomly select positions to search for food. The position of the male and
female individuals during the p + 1-th iteration is expressed as follows:

Li,m(p + 1) = Lrand,m(p)± c2 × Em × ((Lmax − Lmin)× rand + Lmin), (23)

Li, f (p + 1) = Lrand, f (p)± c2 × E f × ((Lmax − Lmin)× rand + Lmin), (24)

where Lrand,m(p) and Lrand, f (p) represent the randomly generated positions of the male
and female individuals, ± denotes the direction flag operator, which facilitates efficient
scanning of the search space, is a random number in the range [0,1], and c2 = 0.05, Em, and
E f represent the food-searching abilities of the male and female individuals. The expression
is as follows:

Em = e
(
−srand

m
si,m

)
, (25)

E f = e
(
−srand

f
si, f

)
, (26)
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where srand
m and srand

f are the fitness values of the randomly selected male and female

individuals at positions Lrand
m and Lrand

f , respectively, and si,m and si, f represent the fitness
values of the i-th individual in the male and female populations at positions Li,m and
Li, f , respectively.

3.3.3. Development Phase (Q > α)

During the development phase, if food is available and the area is cold, mating occurs.
During mating, there are scenarios such as combat mode or mating mode. In combat mode,
each male fights to attract the best female, and each female strives to select the best male.
In mating mode, the occurrence of mating behavior for each pair of snakes depends on
the availability of food. Within the search space, if mating occurs, females may lay eggs,
leading to the hatching of new snakes.

(1) Foraging (Temp > β)

The temperature is defined as follows:

Temp = e(
−p

pmax ). (27)

If the temperature exceeds the threshold and food is abundant, the snakes (both male
and female) will only forage. The expression for the p + 1-th iteration is as follows:

Li,j(p + 1) = L f ood ± c3 × Temp × rand ×
(

L f ood − Li,j(p)
)

, (28)

where the step size factor c3 is a constant, taking the value c3 = 2. Li,j(p) represents
the position of the snake individual in the p-th iteration, and Lfood denotes the snake’s
optimal position.

(2) Enter Combat or Mating Mode (Temp < β)

In this phase, when food is abundant and the environment is cold, the snake enters
combat or mating mode.

Combat Mode: In this paper, an improved dimensional strategy selection is employed
to overcome the position stagnation phenomenon in the later stages of iteration. The
traditional threshold determination based on the random variable is replaced, introducing
multiple dimensions to effectively prevent stagnation. The position update formula for the
dimensional strategy selection in combat mode is as follows:

Lj
i,m(p + 1) = Lj

i,m(p)± c3 × Fm × rand×
(

Q× Lj,best
m − Lj

i,m(p)
)

, κ(j) > 0.6

Lj
i, f (p + 1) = Li, f (p)± c3 × Ff × rand×

(
Q× Lj,best

f − Lj
i, f (p)

)
, κ(j) > 0.6

, (29)

where κ(j) ⊂ (0, 1) is a random number, j = {1, 2, 3} represents the dimension, and Lj
i,m(p)

and Lj
i,m(p) denote the positions of the male and female individuals of the i-th entity during

the p-th iteration, respectively. Lj,best
m and Lj,best

f represent the optimal positions of the male

and female individuals in thej-th dimension, while Fm and Lj,best
f correspond to the combat

abilities of the male and female individuals. The expression is as follows:

Fm = e(
−sbest

f
si

), (30)

Ff = e(
−sbest

m
si

). (31)
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Mating Mode: The position update formula for dimensional strategy selection in
mating mode is as follows:

Lj
i,m(p + 1) = Lj

i,m(p)± c3 × Fm × rand×
(

Q× Lj,best
m − Lj

i,m(p)
)

, κ(j) > 0.6

Lj
i, f (p + 1) = Li, f (p)± c3 × Ff × rand×

(
Q× Lj,best

f − Lj
i, f (p)

)
, κ(j) > 0.6

, (32)

where mm and m f represent the mating abilities of the male and female individuals, respec-
tively. The expression is as follows:

mm = exp(
−si, f

si,m
), (33)

m f = exp(
−si,m

si, f
). (34)

During the mating process, a random number randegg ∈ {0, 1} is generated. If
randegg ≥ 0.5 is satisfied, mating is successful. The male individual Lworst

m and female
individual Lworst

f with the highest fitness values will be replaced by their offspring. The
expression is as follows:

Lworst
m = Lmin + rand × (Lmax − Lmin ), (35)

Lworst
f = Lmin + rand × (Lmax − Lmin ). (36)

In summary, the overall process of the INTAL algorithm is summarized in Algorithm 1.

Algorithm 1 INTAL algorithm

Input: Population size U, upper search bound Lmax, lower search bound Lmin, maximum
number of iterations pmax , BS location (xB, yB, zB), IRSi location (xi, yi, zi), element
spacing d, and input signal s.

Output: The optimal solution of US localization (x, y, z).
1: The angle θi,u and time delay τirsi are calculated using Equation (9).
2: The estimated coordinates of US are obtained using Equations (10) and (18).
3: The initial positions of individuals are generated using tent chaotic mapping from

Equations (20) and (21).
4: while p < pmax do
5: Search for the optimal male and female individuals.
6: The food factor Q and the temperature factor Temp are calculated using

Equations (22) and (27), respectively.
7: if Q < 0.25 then
8: Perform exploration and calculate the new positions of the male and female indi-

viduals based on Equations (23) and (24).
9: else if Temp > 0.6 then

10: Calculate the new positions of the individuals using Equation (28).
11: else if κ(j) > 0.6 then
12: Enter combat mode, and update positions by using Equation (29).
13: else

Enter mating mode, update the position by using Equation (32) and randomly
generate a random number randegg ∈ {0, 1}, and eliminate the male and female
individuals with the highest fitness by using Equations (35) and (36).

14: end if
15: p← p + 1
16: end while
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4. Simulation Results and Analysis

In this paper, a 50 m × 50 m × 20 m three-dimensional space is established on the
MATLAB simulation platform, and the effectiveness of the INTAL algorithm is validated.
The parameters are set as shown in Table 1.

Table 1. Simulation parameters.

Simulation Parameters Specific Values

The number of antennas at the BS W = 8
The carrier frequency f = 3.5 GHz

The number of IRS I = 4
The number of elements at the IRS N = 4

The number of subcarriers 16
The bandwidth 20 MHz

Amplitude reflection coefficient γn
i = 1

The number of population iterations pmax = 100
Threshold values α = 0.25, β = 0.6

The population size v = 100

The simulation comparing the fitness of different algorithms under various iteration
counts is shown in Figure 5. The horizontal axis represents the number of iterations, while
the vertical axis denotes the fitness value. In the figure, the blue curve represents the SO
algorithm, the orange-red curve represents the GWO algorithm, and the yellow curve rep-
resents the INTAL algorithm. As can be seen, the error distance for all algorithms decreases
progressively with increasing iterations, eventually converging to different values. Further-
more, the proposed INTAL algorithm achieves a smaller error distance upon convergence
compared to the GWO and SO algorithms, demonstrating the superior performance of the
proposed method.

0 10 20 30 40 50 60

Number of lterations

0

200

400

600

800

1000

1200

1400

O
p
ti
m

a
l 
F

it
n
e
s
s

SO

GWO

Tent-SO

41 42 43

20

40

60

80

Figure 5. Variation in fitness with iterations.

The simulation compares the 3D localization results of the estimated and actual
node positions under an SNR of 20 dB, as shown in Figure 6, where 45 known nodes are
distributed in the space. From the figure, it can be observed that most of the positions
estimated by the INTAL algorithm are close to the user’s true position, indicating that the
proposed algorithm achieves high localization accuracy.
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Figure 6. Three-dimensional localization results.

The simulation comparing the localization errors of the optimal and non-optimal IRS
locations under different SNRs is shown in Figure 7, where the horizontal axis represents
the SNR and the vertical axis represents the localization error; in addition, the circles
and squares in the figure represent the locations of the optimal and non-optimal IRSs,
respectively. From the figure, it can be clearly observed that the localization error of the
optimal IRS location is significantly lower than that of the non-optimal IRS location under
different SNRs, and this phenomenon is attributed to the fact that the IRS, when close to
the US, is able to provide a stronger and more accurate reflective signal, which reduces the
attenuation of the signal strength and thus ensures a lower localization error.
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Figure 7. IRS position and positioning error analysis.

The simulation comparing positioning errors under different numbers of snapshots
and varying SNR levels is shown in Figure 8. The horizontal axis represents the SNR in
dB, while the vertical axis denotes the positioning error in meters. The blue diamond, red
hexagon, yellow star, and purple triangle curves correspond to positioning coordinate
estimation errors for snapshot counts of 50, 100, 150, and 200, respectively. From the
figure, it can be observed that when the number of snapshots is 50 and the SNR is 25, the
coordinate estimation error is 0.83 m. In contrast, when the number of snapshots increases
to 200 with the same SNR of 25, the estimation error decreases to 0.35 m. This demonstrates
that the positioning error decreases as both the number of snapshots and the SNR increase.
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Figure 8. Positioning error under different numbers of snapshots and varying SNRs.

The simulation comparing the variation in positioning error under different SNR levels
is shown in Figure 9. The horizontal axis represents the SNR, and the vertical axis represents
the positioning error. The curves marked with circles, squares, and triangles correspond to
the INTAL algorithm, SO algorithm, and GWO algorithm, respectively. From the figure, it
can be observed that as the SNR increases, the positioning error decreases. This is because
higher SNR improves communication transmission quality, thus enhancing positioning
accuracy. Notably, the INTAL algorithm performs significantly better than both the GWO
and SO algorithms. Furthermore, at an SNR = 30, the positioning error for the INTAL
algorithm is 0.2969 m, while it is 0.6733 m for the SO algorithm and 0.7398 m for the GWO
algorithm. This shows that the proposed INTAL algorithm reduces the positioning error by
up to 56% and 60% compared to the SO and GWO algorithms, respectively, demonstrating
the effectiveness of the INTAL algorithm.
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Figure 9. Analysis of positioning errors for different algorithms under varying SNRs.

The simulation comparing positioning errors with different numbers of IRSs under
varying SNR levels is shown in Figure 10. In the figure, the x-axis represents the SNR, the
y-axis represents the number of IRS units, and the z-axis represents the positioning error. It
can be observed that as both the SNR and the number of IRS units increase, the positioning
error using the INTAL algorithm gradually decreases. This is because a higher SNR results
in stronger useful signals and reduced interference, whereas a lower SNR leads to fewer
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useful signals being received. Additionally, the increase in IRS units allows the system to
apply the Chan algorithm’s principles to achieve better coordinate estimation. This, in turn,
enhances the positioning accuracy through the proposed INTAL algorithm.

Figure 10. Positioning error with different numbers of IRSs under varying SNRs.

5. Conclusions

In this paper, we first designed a GIL system, which consists of a multi-antenna BS,
multiple IRS units, and a single-antenna US. Communication is facilitated through the
IRS, effectively addressing the poor localization performance under NLOS conditions.
Subsequently, we proposed an INTAL algorithm. The algorithm begins by integrating
the MUSIC and Chan algorithms to formulate an optimization problem that minimizes
the distance between each estimated coordinate and the actual coordinate. Furthermore,
we introduced a tent–SO algorithm, which incorporates tent chaotic mapping to ensure
a uniform initial distribution of the population, thus mitigating the issue of local optima.
The algorithm also introduces a dimension strategy and mating selection mechanism
to overcome premature convergence and stagnation of individual positions in the later
stages of iterations. Simulation results demonstrate that the proposed INTAL algorithm
reduces the positioning error by up to 56% and 60% compared to the SO and GWO
algorithms, respectively, showcasing excellent performance. In our future work, we will
consider the different positions of the IRS, the addition of machine learning for real-
time parameter adjustment and the user’s mobility, and other factors on the localization
results, so as to make our algorithm more compatible and adaptable to more complex
localization scenarios.
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