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Abstract: Direction-of-arrival (DOA) estimation provides the
angle information about interesting targets for array radar sys-
tems. However, conventional algorithms are designed for line-of-
sight (LOS) scenarios and thus cannot be used to estimate non-
LOS (NLOS) targets. Recently, intelligent reflecting surface (IRS)
has been applied to DOA estimation for NLOS environments.
This paper proposes a geometric model utilizing IRS for DOA
estimation in NLOS scenarios. First, we establish an IRS-aided
DOA estimation framework, where one-pair-IRSs is used to
manipulate the propagation direction of the detection signals.
Then, we formulate the estimation task using the elliptic posi-
tioning technique. Subsequently, we derive a closed-form solu-
tion for the resultant problem. Furthermore, we improve the
architecture using multi-pair-IRSs and then design a binary
weighting method to enhance the accuracy of DOA estimation.
In comparison with the existing methods, the proposed algo-
rithm is able to estimate two-dimensional (2D) DOA for NLOS
targets. Numerical simulations are conducted to validate the
effectiveness of IRS for DOA estimation in NLOS environments.

Keywords: direction-of-arrival (DOA) estimation, non-line-of-
sight (NLOS), intelligent reflecting surface, elliptic positioning,
binary weighting.
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1. Introduction

Direction-of-arrival (DOA) estimation plays a crucial role
in array radar systems as it provides the angular informa-
tion about targets, which is vital for the overall perfor-
mance of radar. Through DOA estimation, radar systems
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can significantly enhance the detection, positioning, and
tracking capabilities, making them more effective in vari-
ous applications [1]. Specifically, as an important compo-
nent of defense informatization, DOA estimation has
been widely applied in several military fields [2]. For
instance, in military reconnaissance, DOA estimation
helps determine the location and movement direction of
enemy targets, providing critical information for tactical
decision-making. In air defense and missile defense sys-
tems, accurate angular information aids in the fast identi-
fication and interception of incoming aerial threats. Addi-
tionally, DOA estimation is important for long-range
early warning systems, enabling the early detection of
potential threats and allowing more time for preventive
measures. In a word, DOA estimation not only enhances
the performance of array radar, but also provides essen-
tial support for various military applications, indicating
that it is an indispensable part of modern defense techno-
logy [2].

A variety of estimation techniques have been deve-
loped to ascertain the DOA of interesting targets, includ-
ing multiple signal classification (MUSIC) [3] and its
variations [4—7], estimating signal parameter via rota-
tional invariance techniques (ESPRIT) [8], and enhanced
principal-singular-vector utilization for modal analysis
(EPUMA) [9]. The aforementioned algorithms require
targets satisfying the line-of-sight (LOS) conditions.
However, in practice, array radar systems might be con-
fronted with non-LOS (NLOS) environments, where the
direct path between the transmitter (or receiver) and tar-
get is obstructed by physical objects [10]. Addressing
NLOS-DOA estimation is pivotal for overcoming signal
propagation challenges in such complicated environ-
ments. This technology holds immense significance in
enhancing positioning precision, upgrading communica-
tion quality, bolstering radar detection capabilities, sup-
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porting autonomous driving, intelligent transportation
systems, and improving indoor navigation [11,12]. Given
these complexities, conventional DOA estimation algo-
rithms are insufficient for accurately estimating the
DOAs of NLOS targets.

1.1 Related works

To tackle this challenge, several DOA estimation tech-
niques have been developed, such as the deployment of
multiple small cell base stations (SBSs) [13] and dis-
tributed multiple-input multiple-output (MIMO) radar
systems [14]. The former increases the number of SBSs
or expands the distance between them to transform NLOS
scenarios into LOS environments. This not only enhances
spectrum efficiency and reduces interference, but also
improves overall communication efficiency. The latter
establishes a multi-path echo model for ultra-wide-band
MIMO radar. Then, the range-Doppler topology is
exploited to design a multi-path recognition strategy to
match the time of arrivals (TOAs) with different types of
multi-paths and targets. Finally, the DOAs of NLOS tar-
gets are determined according to the recognition results.

On the other hand, intelligent reflecting surfaces (IRSs)
have been widely studied in wireless communication and
radar fields [15,16], e.g., the DOA estimation [17—19],
indoor location [20,21], unmanned aerial vehicle commu-
nication systems [22—24], channel estimation [25-27]
and so on. As IRSs are composed of numerous passive
elements designed to manipulate electromagnetic signals,
they can reconfigure the propagation properties of the
wireless environment [28]. By intelligently controlling
the reflection and propagation of electromagnetic waves,
IRS can significantly enhance signal quality, coverage,
and network capacity, while maintaining energy effi-
ciency [29—-32]. Therefore, IRSs have been considered as
a promising tool for DOA estimation in NLOS scenarios
by utilizing their characteristic, which can intelligently
control the reflection signal paths [33,34]. For example,
[35] considered a joint TOA and DOA estimation for
localization and proposed a TOA/DOA estimator without
iteration under the semi-passive IRS architecture. Refer-
ence [36] proposed exploiting multiple IRSs to create vir-
tual LOS links between the base station and targets in
communication systems. Then, an on-grid IRS beam
scanning algorithm was designed to search for DOA. In
[37], a polarized IRS architecture was devised to aid the
two-dimensional (2D) DOA estimation for NLOS signals,
where both IRS and base station (BS) are equipped with
arbitrarily placed electromagnetic vector sensor arrays. It
is worth mentioning that the estimated DOA is the angle
between users and the IRS.

1.2 Motivations and contributions

In [35—-37], IRSs are utilized to aid the DOA estimation.
Both [35] and [36] employed the MUSIC algorithm for
DOA estimation. The former utilizes the MUSIC to esti-
mate the DOA of the IRS-target link, while the latter
employs it to search for the DOA of the BS-target link. In
addition, the localization in [36] requires joining the
DOA estimation of the BS-Target via a LOS link and
that of the IRS-Target. It is worth mentioning that the
approach in [35] does not estimate the DOA of BS-Tar-
get via the NLOS link of BS-IRS-Target. The algorithm
in [37] exploits the subspace estimation technique, whose
performance severely degrades in low signal-to-noise
ratios. In addition, this method cannot be used in the situ-
ation where the number of signal sources exceeds the
number of array antennas. In addition, [37] explored the
polarization characteristic of antenna to estimate DOA,
while neglects the spatial feature of the array at the BS.
This overlook leads to significant performance degrada-
tion and imposes limitations on system design.

To address the limitations of the existing DOA estima-
tion method in NLOS environments, we propose an IRS-
aided 2D-DOA estimation architecture for NLOS
sources, where the transmission path of signals is recon-
figured using IRSs. Consequently, a virtual LOS link
between the NLOS target and antenna array is estab-
lished. Then, we devise an efficient algorithm to seek the
DOA based on the elliptic positioning (EP) technique
[38]. As a result, the DOA estimate is calculated using a
closed-form solution. Moreover, we exploit the multi-pair-
IRSs to improve the estimation accuracy or extend the
detection range. Furthermore, the eccentricity of the
ellipse is adopted to design a binary weight method for
the overall system performance enhancement. The key
contributions of this study are summarized as follows:

(1) A novel one-pair-IRSs aided 2D-DOA estimation
framework is established, where the characteristics of the
signal transmission path can be changed.

(i1) An effective algorithm is devised based on the pro-
posed estimation framework. We assume that the coordi-
nates of antenna arrays and IRSs are known and then uti-
lized to formulate the DOA estimation problem into an
EP architecture. Then, a closed-form solution is derived
for the resultant task.

(i) A binary weighting (BW) approach is suggested
for the multi-pair-IRSs aided DOA estimation that is
designed to extend the detection zone or enhance the
accuracy of DOA estimation.

1.3 Organization

The remainder of this paper is organized as follows. Sec-
tion 2 introduces the system model of DOA estimation
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for NLOS sources. The estimation algorithm for the
resultant task is presented in Section 3. Section 4 designs
a multi-IRSs aided 2D-DOA estimation framework to
improve the accuracy or expand the range of DOA esti-
mation. Section 5 conducts numerical experiments to
investigate the performance of the proposed methods.
Finally, concluding remarks are given in Section 6.

2. Proposed system model

In this section, we present an IRS-aided DOA estimation
model for NLOS environments.

2.1 One-pair-IRSs aided DOA estimation framework

As shown in Fig. 1, an interesting target is at the NLOS
direction of the antenna array. To estimate its DOA, we
introduce two IRSs to create a virtual LOS link between
it and the antenna array. Specifically, IRS; reflects the
detection signal from the transmitting antenna array
(BS,), while IRS, reflects the detection signal from the
target and delivers it to the receiving antenna array (BS,).
As a result, the antenna array is able to detect the target.
It is important to note that each IRS (denoted as IRS,,,
where m = 1,2) is a uniform planar array (UPA) with N,
elements.

BS/BS,

Fig. 1 One-pair-IRSs aided DOA estimation framework

2.2 Signal model

In this subsection, we introduce the signal model for the
IRS-aided DOA estimation. First of all, the normalized
LOS channels of antenna array-to-IRS and IRS-to-target
are respectively defined [39] as
hgys = [ejw,ejw;‘,“' ,ém]
hSZT = [ei‘ﬁ?l,ei‘//;" e 9éw;&‘ ]T

T

(1

where ™ and y3' (i=1,2,---,N,) denote the phase shift
of the two channels, respectively.

In general, an IRS is composed of a large array of pas-
sive reflecting elements with a specially designed physi-
cal structure. Each reflecting element is controlled in a
software-defined manner to change the reflection electro-
magnetic properties (e.g., the phase shift) of the incident
radio frequency (RF) signals [40—42]. Therefore, IRS has
the capability to control the angle-of-departure (AOD) of
the reflected signal. Specifically, the reflection coeffi-
cient matrix of the IRS is defined as

& = diag(e”, e, &) )

where ¢, is the phase shift of the nth element.
Given an incident signal x € C" transmitted from BS,,
the signal reflected by IRS, is given [39] by

Vi = VBshiy Phiasx 3)
where s is the path loss between the antenna array and
the target. Note that the impact of noise is neglected in
(3). This is because we utilize the IRS as a passive one in
this paper.

Similarly, the detection signal through the target-IRS,-
BS, link is expressed as

Y2 = \/:3_5h§2T¢hszs)’1 4)

where y, denotes the signal reflected by IRS,.

At the receiver, the antenna array is considered as a
uniform linear array (ULA) with N, antennas. Thereby,
the array steering vector is defined as

2mdsinfy 2n(N,—1)dsing, 1T

a(gk): 19eJ 4 ""7e] 4 (5)

where A is the carrier wavelength and 6, denotes the
angle of incident signal.

Finally, the received signal y € C« at the receiver is
represented as

y=a@)y,+€+n (6)

where € € CY denotes the interference and n € CM is the
additive noise.

3. Proposed algorithm

In this section, based on the proposed system model, we
devise an efficient algorithm to estimate 2D-DOA for a
NLOS target by utilizing the EP technique. The signals
received by the sensor array form an elliptical trajectory
on a certain plane [43]. By computing the parameters of
the ellipse, namely, center, major axis, minor axis, and
focus, the position of the signal source is located and then
the DOA can be estimated.

3.1 3D Cartesian coordinate system establishment

In this subsection, we establish a 3D Cartesian coordi-
nate system, illustrated in Fig. 2. The locations of the
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IRSs and antenna array are assumed to be known. Since
the transmitting and receiving arrays are located adjacent
to each other, they share the identical coordinates
B = (X3,Y3,Z3). In addition, we denote the positions of
IRS;, IRS,, and the target as S,=1(0,0,0), S,=
(Xs,,0,0), and T = (X7, Yr,Z7), respectively.

z

T
A
A
POWANE

i « Do

Fig. 2 IRS-aided DOA estimation geometric model

3.2 Elliptic parameters calculation

Consider a complete link, that is, a detection signal
begins from the transmitter and then arrives at the
receiver via IRS,-target-IRS, link. By measuring the
time difference, we can calculate the corresponding dis-
tance d of the link. Then, the sum of the distance between
the target 7' and the two IRSs is

ds,rs, = ISiT|+[S:T| = d —dpps, —dpos, @)

where |S,T| and |S,T| denote the modules of the vector
S, T and S,T, respectively. Especially, the dg,s, and dps,
can be determined via the locations of the antenna array
and two IRSs.

As shown in Fig. 2, §| and S, are the positions of the
two IRSs, which can be considered as fixed points. The
sum of the distance from 7 to S, and S, is a constant
value ds, rs,. Therefore, the trajectory of potential T is an
ellipse with S, and S, as the focus, where the major axis
length is ds,rs, and the focal length is dg, s, -

We define the ellipse as C(a,b,c), where a, b, and ¢
represent the major semi-axis, minor semi-axis, and semi-
focal length, respectively. The parameters a and ¢ can be
calculated as

— dS]TSz
2
. 8
188 _dsa, ®
2 2

Referring to the §,7S, plane shown in Fig. 2, we
establish a Cartesian coordinate system for the S, 7,.S,,
plane, which is illustrated in Fig. 3. In the Cartesian coor-
dinate system, the coordinates of the target is T, (X7, Wr),
while the coordinates of point S, and S, are (0,0) and
(2¢,0), respectively. According to the relationship
between the parameters of the ellipse, we obtain the
minor semi-axis b:

b= Va2 -c2. )
w T
— ’,;_\ - —
-
A N
// ,’é‘\.a \
T S =
\ /
N /
~ _— -

Fig.3 IRS-aided DOA estimation ellipse model

Then, the equation of ellipse C(a,b,c) is

Ay 2
(29+%=L (10)

3.3 ST equation calculation

The azimuth angle 6, and the elevation angle ¢, from
IRS, to the target T can be known based on the charac-
teristics of the IRS. The angle a between the vector S;T
and the x-axis in Fig. 2 is the same as the angle between
the vector S,, T, and the vector S,,S,, in Fig. 3. Addi-
tionally, @ can be represented by 6, and ¢, :

e,

le.l17]
where e, = (1,0,0) is the unite vector of the vector S;S,.
As shown in Fig. 2, there exists a non-zero vector
I = (cosb,.cosg,,sinb,.cosg,,sing,), such that ST =kl,
where k is a non-zero constant. Subsequently, we derive
the equation of S, T, :

a = arccos = arccos (cos 6, cos ¢,) (11)

w=Xx-tana. (12)

3.4 Target coordinates calculation

Combining (10), (11), and (12), we derive the coordi-
nates of point 7,,, as shown in Fig. 2, where T,.(X7, Wr)
can be sought using the “solve” function. It is worth men-
tioning that the distance Rg,,; between T and S, remains
equal to the distance between T, and S, . Therefore, we
can use the coordinates of T, to calculate the distance
Rsor as
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Rsor = 1S/ T|= S, T,| = /X3 + W2 (13)

Then, the z-coordinate Z; of the target 7 in the 3D
Cartesian coordinate system is represented as

Zr = R orsing,. (14)

In the §,TTs plane, as shown in Fig. 2, the distance
Rs or, from S to T is expressed as

Rs o7, = I8, Ts| = Rs >y cos g, (15)

where Tg(Xr,Yr,0) represents the projection point of T
onto the XOY plane.
From Fig. 2, we can obtain the x-coordinate X; and
y-coordinate Y7 of Ty by using the geometric relationship:
X7 = Ry o1, €086, = R 51 OS¢, COS O, (16)
Yr = Rg o1, 5inf, = Ry »r cos @, sin 6, '
Finally, we attain the coordinate of the target, that is,
T(Xr,Yr, Zy).

3.5 DOA calculation

As shown in Fig. 2, according to spatial geometric rela-
tionships, the azimuth 8 of the receiver to target is equiv-
alent to the angle formed between the vector BT and the
positive direction of the x-axis. It is expressed as

N e.-BT; Xr—X;
6 = arccos e IIBT, arccos( BT, ) (17)
where, BTy = (X7 — X3, Yy —Y5,0) and T(Xy,Yr,Zg) is
the projection point of 7 onto the horizontal plane, where
point B is located.

In the BT Ty plane, as shown in Fig. 2, the elevation
angle ¢ from the receiver to the target is given by

|TBT|) (|ZT _ZBI)
= arctan (18)
BT | IBT |
Where TBT = (O, O, ZT _ZB)'

According to the above-mentioned description, the
computational complexity of Algorithm 1 is O(1).

o= arctan(

Algorithm 1  The proposed algorithm

Require: Elliptic parameters a and ¢, the AOD of IRS,
(6,,¢,), and the coordinates of the antenna array, two
IRSs B(X3,Ys,Zz), S.(0,0,0), and S,(2¢,0,0), respec-
tively.

Initialize: Establish the Cartesian coordinate system

(i) Calculate elliptic equation (10) via (8), and (9).

(i1) Calculate S, T equation (12) via (11).

(iii) Calculate the coordinate of target 7' via (14) and
(16).

(iv) Calculate the DOA of target T via (17) and (18).

Ensure: (9, o)

4. Multi-pair-IRSs aided DOA estimation

In this section, we propose a multi-pair-IRSs aided
2D-DOA estimation for NLOS sources to improve
the accuracy or expand the range of DOA estima-
tion.

As shown in Fig. 1, if the target is out of the reflection
range of IRS,, the one-pair-IRSs framework will not
work. Therefore, there is a limitation of the one-pair-IRSs
aided DOA estimation framework, that is, the target must
be in the detection zone of the IRS, (the IRS of reflect-
ing detection signal from the target).

To extend the detection area of DOA estimation, we
adopt a multi-pair-IRSs structure, where the IRS, is uti-
lized to reflect the detection signal from the transmitter,
and IRS,, is used to reflect the detection signal from the
target, as shown in Fig. 4(a). For convenience, we assume
that all IRSs are deployed on the same plane, and they are
collinear within this plane. In practice, IRSs can be
arranged on different planes and our method still works.
As shown in Fig. 4(a), if a target is between the IRS, and
IRS;, the target is in the reflection zone of the IRS;, but
out of the IRS,. The target-IRS,-BS link is not present,
but we can use the target-IRS,,-BS (m > 2) link to estab-
lish the proposed framework and devise the DOA estima-
tion. In this paper, we assume that all the pair-IRSs serve
and thus M is calculated as

M=m-1 (19)

where the M denotes the number of the pair-IRSs that is
to detect the target.

BS/BS,
(a) Multi-pair-IRSs framework

(b) Multi-pair-IRSs ellipse model
Fig.4 Multi-IRSs aided DOA estimation framework
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Moreover, we explore the impact of IRS deployment
on the precision of DOA estimation. Therefore, we
should consider the impact of the parameters a; and c;
(j< M) on the precision of DOA estimation, where a;
and c; correspond to the major semi-axis and semi-focal
length of the jth pair-IRSs. To investigate the effect of a;
and ¢; on DOA estimation, we use the eccentricity e; of
each ellipse as a measurement, that is, ¢ can show the
relationship between the IRS deployment and the accu-
racy of DOA estimation. The definition of e; is as fol-
lows:

ej=—. (20)

According to the above analysis, each pair-IRSs can
give a preliminary estimated DOA and the corresponding
e; can also be calculated. Based on their relationship, we
design the weights for the DOA of each pair-IRSs using

1, e;is the minimum of E
D ! (21a)
! 0, otherwise
1, e;isthe maximum of E
T (21b)
! 0, otherwise
where E ={e;,e,,---,ey}, and e; € E (j < M) represents

the eccentricity corresponding to the ellipse formed by
the jth pair-IRSs. wy, and w,, are the weight for the esti-
mated azimuth and elevation angle of the jth pair-IRSs,
respectively.

Then, the final DOAs result 4, and ¢, of the target are
depended on the weighted average of the preliminary
estimated positions of M pairs given by

M

éf = ngjéj
=1
M

or = ZW¢,¢./
=1

where 6; and ¢; are the estimated azimuth and elevation
angle of the jth pair-IRSs, respectively. The summary of
the proposed BW method is given in Algorithm 2.
Finally, it is not difficult to obtain that its computational
complexity is O(M).

2n

Algorithm 2 The BW method

Require: Elliptic parameters of each pair a; and c;, the
number of pair-IRSs M, and the DOA from BS to target
of each group (6,,¢)).

Initialize: Derive (6,,¢,) of each pair

(i) Calculate the eccentricity e of each pair of ellipses
via (20)

(i1) Calculate the number of pair-IRSs M via (19)

(iii) Calculate the weight w, and w,, via (21a) and
(21b)

(iv) Calculate the final DOA of target T via (22a) and
(22b)

Ensure: (6,,%;)

5. Numerical simulations

In this section, we evaluate the suggested method using
synthetic data. All simulations are implemented on a
computer with 13th Gen Inter(R) Core(TM) i9-13900K
3.0 GHz CPU and 32 GB memory.

5.1 Simulation setting

In the experiment, the parameters are configured as
B(200,-400,-30), $,(0,0,0), and S ,,(2¢,0,0) (m >2). It
is worth pointing out that the coordinates of B and S, are
unchanged in the subsequent experiments. We use (6, 3)
and (6,,&,) to denote the true angles from the antenna
array to the target and the true angles from IRS; to the
target, respectively. To evaluate the impact of (6,,¢,) on
estimation performance, we introduce perturbations
(A8, Ap) to (B,,p,), resulting in (6, + Ab, &, + Ap).

In Experiment 2 and Experiment 3, we investigate the
impact of the number of pair-IRSs M and perturbations 4
on DOA estimation, where the mean method and the BW
method with multi-pair-IRSs structures are compared.
The definition of the mean method is

1 <&,
my = Mzgj

Jj=1

1 M
‘;bm/ = M Z@I
=1

>

(22)
J

where 6; and ¢; are the estimated azimuth and elevation

angle of the jth pair-IRSs combination, respectively.

In this paper, the performance of DOA estimation is
measured using mean absolute error (MAE), defined as

6, —61+16, -8l

MAE, =
|® ’I2+IA 2| @)
MAE, = P, — @ . Pr—¢

where éﬂ (9;; ) and @, (p, ) represent the estimates of 6,
and ¢, respectively, with positive (negative) perturba-
tions.

5.2 Estimation performance

Experiment 1 In this experiment, we investigate the
impact of e on the estimation precision. The coordinate
of target is 7(500,1000,1500). Then, we calculate
0,%) =(77.91°,46.90°) and (6,,5,) = (63.43°,53.30°).
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The system parameter ¢ is set as ¢ € [400,4 000] m in
100 m increments, and the value of e ranges from 0.21 to
0.84. Note that the second IRS is located at S,(2¢,0,0),
and we obtain the coordinate of IRS,, that is, (800,0,0).
The perturbations added to 6, and ¢, are 1°. As shown in
Fig. 5(a), the trend of MAE, illustrates an improving
trend as e increases, while the trend of MAE, is the
opposite, as shown in Fig. 5(b). From Fig. 5, we know the
MAE; is less as the e is small. However, the MAE, is the
opposite. Therefore, we design the BW method in Sec-
tion 4.

1.22
1.20
1.18
1.16
1.14
1.12
1.10
1.08
1.06

1.04
DSRNE R VN HEDENSN D
Q'\/ Q'\/ Q“) Qﬁ’ Qb\ Qb& Q‘) 5 ‘o ‘o ’\ ’\ Qa Q"o

(a) MAE, versus e

MAE//(°)

0.76

0.66
w@@w"@@@%"@@@&o&o&

Q7 Q7 Q7 Q-
(b) MAE, versus e

Fig.5 MAEy and MAE, versus e with 4 =1°

Experiment 2 We study the impact of the parameter
M on the accuracy of DOA estimation, and compare the
mean and BW methods on the DOA estimation perfor-
mance. In this experiment, the coordinate of target is set
as T(380,540,230), and then we calculate (6,p)=
(79.16°,15.20°) and  (6,,&,) = (54.87°,19.20°). The
parameter M is set from 1 to 10, and the selection of ¢ of
multi-pair-IRSs is {2 200,2 000, 1 800, 1 600, 1 400, 1 200,
1 000, 800,600,400} m. Subsequently, it is easy to obtain
the coordinate of the gth IRS, (¢=1,2,---,M). For
example, the first location of IRS, is S, = (4 400,0,0),
where the corresponding g = 1. Fig. 6(a) illustrates the
impact of M on the MAE;. It is seen that the MAE, of

BW and mean show a decreasing trend as the parameter
M increases. In addition, the BW method outperforms the
mean algorithm. In Fig. 6(b), we observe that the BW
approach outperforms the mean manner. However, the
MAE, with BW method is a constant, and that with mean
manner increases with M increasing. This is because we
use the result of Experiment 1 to design the weight of the
BW method for ¢. As shown in Fig. 5(b), the MAE, is
the minimum when the e; is the maximum. Therefore, we
use the @; of the jth pair-IRSs, whose e; is the maxi-
mum of E, to be the final elevation angle ¢;. Note that
the parameter ¢ is set as a decreasing trend in Experi-
ment 2.

<
m
<
=
0.90 :
1 2 3 4 5 6 7 8 9 10
M
(a) MAE, versus M
0.535
0.530
0525+
i:f
S 0.520
0.515
0.510
1 2 3 4 5 6 7 8 9 10
M
(b) MAE, versus M

—a— 1 M pair-IRSs with BW; —e— : M pair-IRSs with mean.
Fig. 6 MAEy and MAE, versus M with 4=1°

Experiment 3 We compare the performance of mean
and BW methods on the estimation accuracy with pertur-
bations. In this simulation, we use five pair-IRSs (M =5)
to aid 2D-DOA estimation, and the parameter ¢ of multi-
pair-IRSs is set as ¢ e C, where C = {1 200,1 000,800,
600,400} m. Then, it is easy to derive the coordinate of
IRS,, (m=2,3,4,5,6), which is (2C(1),0,0) (I=1,2,---,
M). It is worth mentioning that the parameter ¢ for one-
pair-IRSs is set as 800 m and the location of target is
T(700,1200,1 400), leading to (8,p) = (72.65°,40.47°)
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and (8,,3,) = (59.74°,45.22°).

Fig. 7 illustrates the impact of A9 on MAE, and MAE,
with Ap=1° and Afe[-2.5°,2.5°]. It is seen from
Fig. 7(a) that the BW method is better than the mean
manner in MAE,. Besides, we see that the accuracy of
DOA estimation of multi-pair-IRSs structure is higher
than that of the one-pair-IRSs. In particular, the MAE, of
the BW method is less than that of the one-pair-IRSs and
multi-pair-IRSs framework using the mean method. As
shown in Fig. 7(b), we see that MAE, shows a decreas-
ing trend as A# increases, with the multi-pair-IRSs archi-
tecture or one-pair-IRSs structure. Notably, the MAE, of
the BW method is lower than those of the other two
methods.
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Fig.7 MAEy and MAE, versus A with Ap=1° and M =5

Fig. 8 shows the effect of Ap on MAE, and MAE,,
where A6 is set to 1°, and A ranges from —2.5° to 2.5°.
As seen in Fig. 8(a), the MAE, grows with the increase
of Ay, and the BW method outperforms the other two
methods in terms of MAE,. Fig. 8(b) illustrates that the
BW method performs better on MAE, than the other two
methods. Both one-pair-IRSs and multi-pair-IRSs with

the mean method, show a decrease in MAE, with Ag
ranging from 0° to 0.125°. The BW method is still a
decreasing trend in the following short range. However,
all the methods show an increasing trend of MAE, as A
is from 0.14° to 2.5°. In the latter range, the BW method
is better than other methods on the MAE,.
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Fig.8 MAEy and MAE, versus Ap with A6 =1° and M =5

Furthermore, both Fig. 7 and Fig. 8, show that the
MAE, or MAE, of the one-pair-IRSs and multi-pair-
IRSs with the mean method reveal a slight performance
gap. Compared to the former two approaches, the MAE
of the multi-pair-IRSs with the BW method is less.

Experiment 4 In this experiment, parameters ¢ and
M of multi-pair-IRSs are set the same as Experiment 3,
where Af € [-2.5°,2.5°] and Ay € [-2.5°,2.5°]. The coor-
dinate of target is 7(400,1200,300), from which the
angles (6,p) =(82.88°,11.57°) and (8,,%,) = (71.57°,
13.34°) are calculated. Fig. 9 shows the impact of pertur-
bations on the estimation performance with the BW
method. As seen in Fig. 9(a), MAE, increases as Af and
Ay enhance. However, A8 has a greater impact on MAE,
than Ag. Fig. 9(b) shows that MAE, increases with Agp.
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Additionally, when Ag is small, MAE, grows with A6,
while MAE, decreases with A@ when Ay is large. Fur-
thermore, Ay has a greater impact on MAE, than A#é.
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Fig.9 MAEy and MAE, versus A with M =5

6. Conclusions

In this paper, we design an IRS-aided 2D-DOA estima-
tion algorithm in NLOS environments. First, a 2D-DOA
estimation framework in NLOS scenarios is proposed by
utilizing IRS to change the radio wave propagation. Then,
the EP technique is derived by combining the prior infor-
mation of the antenna array and the position of the IRS.
Furthermore, we derive a closed-form solution to seek for
the target localization. Finally, the 2D-DOA of the target
is obtained. Simulation results demonstrate the effective-
ness of the proposed method for sensing target.

In addition, based on the proposed framework and
algorithm, we design a multi-pair-IRSs architecture and a
BW method to improve the accuracy of DOA estimation.
We utilize the relation between the eccentricity e of the
ellipse and MAE is used to design the weight. Compared
with one-pair-IRSs and multi-pair-IRSs architecture with

the mean method, the simulation results show that the
multi-pair-IRSs architecture with the BW method can
improve the accuracy of DOA. However, we do not con-
sider the impact of multipath effects on this framework,
which may affect the applicability of the algorithm. Addi-
tionally, we do not consider the interference arriving at
the receiving antenna array, which may provide incorrect
information for DOA estimation.

In the future, we will design the transmitting signal,
such that the signal and interference can be distinguished.
Nevertheless, the weights used need to be further opti-
mized to achieve higher DOA estimation accuracy. Addi-
tionally, we will study the framework of IRS-aided 2D-
DOA estimation for multi-targets in NLOS scenarios.
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