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Abstract—This letter introduces a novel unmanned aerial
vehicle (UAV)-intelligent reflecting surface (IRS) structure into
near-field localization systems to enhance the design flexibility of
IRS, thereby obtaining additional performance gains. Specifically,
a UAV-IRS is utilized to improve the harsh wireless environment
and provide localization possibilities. To improve the localization
accuracy, a joint optimization problem considering UAV position
and UAV-IRS passive beamforming is formulated to maximize the
receiving signal-to-noise ratio (SNR). An alternative optimization
algorithm is proposed to solve the complex non-convex problem
leveraging the projected gradient ascent (PGA) algorithm and
the principle of minimizing the phase difference of the receiving
signals. Closed-form expressions for UAV-IRS phase shift are de-
rived to reduce the algorithm complexity. In the simulations, the
proposed algorithm is compared with three different schemes and
outperforms the others in both receiving SNR and localization
accuracy.

Index Terms—Near-field localization, unmanned aerial vehicle
position optimization, intelligent reflecting surface, passive beam-
forming.

I. INTRODUCTION

W ITH the development of the fifth generation mobile
networks (5G) and its empowering applications across

various industry progresses, emerging services such as mobile
Internet of things (IoT) and artificial intelligence (AI) con-
tinually arise. As a result, there is an increasing demand for
centimeter-level localization accuracy on the sixth generation
mobile networks (6G) [1]–[3]. Although traditional global nav-
igation satellite systems (GNSSs) have provided localization
services with broad coverage and massive connectivity [4],
their precision falls short of future requirements. In addition,
they fail to deliver stable, high-quality services in environ-
ments like urban canyons. Recently, wireless communication
signals-assisted localization has surged to tackle such GNSS-
denied issues and achieve higher localization accuracy. For in-
stance, Shahmansoori et al. [5] proposed a two-stage algorithm
based on multiple measurement vectors matching pursuit and
space-alternating generalized expectation maximization algo-
rithm. Nazari et al. [6] used downlink multiple-input multiple-
output (MIMO) orthogonal frequency-division multiplexing
(OFDM) signals to estimate an unsynchronized multi-antenna
user equipment’s (UE’s) three-dimensional (3D) position and
3D orientation. However, signals can still be obstructed by
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physical barriers in certain circumstances, i.e., the line-of-sight
(LoS) path is blocked. Under this condition, achieving high-
precision localization becomes nearly impossible.

To tackle this issue, the intelligent reflecting surface (IRS)
[7]–[9] has been integrated into communication-aided localiza-
tion systems. An IRS is a passive reflecting device composed
of multiple reflecting elements. Localization can be realized
with the help of virtual LoS (VLoS) paths provided by IRS
even when the LoS path is blocked and can be improved
via the passive beamforming process. In this process, the
phase shift for each reflecting element is designed, and the
wireless channels can be manipulated. For example, Dardari
et al. [10] proposed two practical signaling and localization
algorithms based on OFDM downlink systems, as well as
methods to design the IRS time-varying reflection coefficients.
Zhang et al. [11] developed a joint estimation algorithm
considering UE position and realistic impairments in OFDM
systems and proposed a semidefinite relaxation (SDR)-based
IRS phase shift optimization algorithm to enhance localization
performance.

To realize greater design flexibility of IRS for the further
enhancement of wireless environments, a novel unmanned
aerial vehicle (UAV)-IRS architecture has recently gained
attention. This architecture features a UAV equipped with an
IRS. The UAV position and UAV-IRS phase shift can both
be controlled by the base station (BS) through a signaling
channel. For instance, Wei et al. [12] analyzed the average
error probability in UAV-IRS-assisted short packet commu-
nication systems. Wang et al. [13] proposed a UAV-IRS-
aided covert communication scheme to maximize the covert
communication rate. However, current research about UAV-
IRS mainly focuses on its enhancement to communication
systems, and to the best of the authors’ knowledge, there’s no
research considering UAV-IRS-assisted localization systems.
To fill this gap, the main contributions of this letter are
summarized below:

• We introduce a novel UAV-IRS-assisted near-field lo-
calization model, where maximum likelihood estimation
(MLE) algorithm is adopted to realize high-precision
position estimation. To further improve the localization
accuracy, an optimization problem for UAV position and
UAV-IRS phase shift is formulated, which maximizes the
receiving signal-to-noise ratio (SNR).

• We design an alternative algorithm to solve the non-
convex SNR maximization problem. A projected gradient
ascent(PGA)-based method is used to update the UAV
position. Closed-form expressions for UAV-IRS phase
shift are derived to minimize the phase difference of
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Fig. 1. UAV-IRS-assisted near-field localization system, where the LoS path
is blocked.

the received signals, significantly reducing the algorithm
complexity.

• We conduct simulations comparing our proposed op-
timization algorithm with three other design schemes.
Extensive results demonstrate the effectiveness of our
algorithm and the performance improvement in near-field
localization.

Notations: p(·) denotes the probability density function
(PDF). M⊤ and M∗ denote the transpose and conjugate of
matrix M, respectively. v[n] denotes the nth entry of vector
v, while v[q] denotes the value of v in the qth iteration. IM
denotes an M×M sized identity matrix. Cm×n denotes m×n
matrices with complex entries. ∥ · ∥, | · | and arg(·) represent
calculating 2-norm, modulus and argument, respectively. Fi-
nally, CN (m,C) represents complex Gaussian distributions
with a mean vector of m and a covariance matrix of C.

II. SYSTEM MODEL AND PROBLEM FORMULATION

A. Signal Model
As illustrated in Fig. 1, the considered UAV-IRS-assisted

localization system is composed of a single-antenna UE, a
UAV-IRS equipped with NI reflecting elements, and a BS
equipped with NB receiving antennas. The LoS path between
UE and BS is blocked, thus only the VLoS path provided
by UAV-IRS can be utilized to carry out localization. Both
UAV-IRS elements and BS antennas are arranged in uniform
linear arrays (ULAs) with element/antenna spacing of d =
λ/2, where λ denotes the wavelength. Although ULAs are
considered in this letter, it’s worth noting that the proposed
algorithms can be directly extended to uniform planar arrays
(UPAs). The UE is assumed to be static or moving slowly, and
the UAV-IRS can move in a certain region to further improve
the path quality and localization accuracy.

In our work, the positions of the BS and UAV-IRS are
assumed to be known, whose reference point coordinates can
be denoted as pB and pI , respectively, and the coordinate
of their antennas/elements can be expressed by pb and pi,
respectively, where b = 1, 2, · · · , NB and i = 1, 2, · · · , NI .
The position of UE pu is assumed to be unknown and is the
parameter to be estimated.

One single symbol s is utilized in the localization process
in this paper and the received signal y ∈ CNB×1 at BS can
be expressed as:

y =
√
Phs+ n, (1)

where P is the transmit power, n is the additive Gaussian
noise at BS, and h is the UE-IRS-BS channel, modeled as:

h =

√
κ

1 + κ
h̄+

√
1

1 + κ
h̃, (2)

where κ is the Rician factor, h̄ and h̃ are LoS and Non LoS
(NLoS) parts of the channel, respectively. Each term of h̄ is
given by:

h̄[b] =
√
ρu,IρI,B

NI∑
i=1

w[i]e−j 2π
λ (db,i+di,u), (3)

where √ρu,I =
√
Guλ

4π∥pI−pu∥ and √ρI,B =
√
GBλ

4π∥pB−pI∥ are the
free-space path losses between UE and UAV-IRS, and between
UAV-IRS and BS, respectively, with Gu and GB being the
antenna gains at UE and BS. w[i] is the phase shift of the
ith element of the UAV-IRS. db,i = ∥pi − pb∥ represents
the distance between the ith element of UAV-IRS and the bth
antenna of BS, while di,u = ∥pu−pi∥ represents the distance
between UE and the ith element of UAV-IRS.

Combining the Gaussian distributed NLoS portion of h with
noise n, the received signal can be rewritten as:

y =
√
P h̄s+ ñ, (4)

where the combined noise ñ can be represented as:

ñ ≜

√
P

1 + κ
h̃s+ n, (5)

and follows the distribution ñ ∼ CN (0, σ2INB
).

B. UAV-IRS-Assisted Localization Problem
According to (4), the received signal y can be statistically

characterized as:

y ∼ CN

(√
κP

1 + κ
h̄, σ2INB

)
, (6)

hence, according to the MLE criteria, the UE position pu

can be estimated by minimizing the following negative log-
likelihood function:

L(pu) ∝ − log p(y | pu)

=
1

σ2
∥y −

√
κP

1 + κ
h̄∥2. (7)

Then, the estimate of UE position p̂u can be given by:

p̂u = argmin
pu

L(pu). (8)

Remark 1: According to (3), the parameters to be estimated
appear in the e exponent, and there is a large coefficient 2π/λ
before the parameters because of the high carrier frequency.
This leads to severe oscillations of the likelihood function
with respect to the position parameters, resulting in numerous
local minima. Therefore, all gradient-based methods, such
as gradient descent and Newton’s method, are inapplicable
here. We employ the simplest grid search method to solve (8)
thereby providing an estimate of the position parameters.
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C. SNR Maximization Problem

To improve the localization accuracy, we formulate an
optimization problem for the UAV position pI and UAV-IRS
phase shift w. Receiving SNR is considered the objective
function here, which is commonly used in existing localization
works [14], [15]. According to the signal model (4), the
receiving SNR at BS can be expressed by:

SNR(pI ,w) =
κP

(1 + κ)σ2
∥h̄∥2, (9)

which depends on both pI and w. The SNR maximization
problem can be formulated as:

max
pI ,w

SNR(pI ,w) (10)

s.t. |w[i]| = 1, i = 1, · · · , NI , (10a)
∥pI − p0∥ ≤ Rmax, (10b)

where (10a) is the unit modulus constraint for UAV-IRS, and
constraint (10b) is to guarantee the UAV can only move in a
circular achievable region centered at p0 with radius Rmax.
However, problem (10) is difficult to solve due to the non-
convex objective function as well as constraint (10a) and
coupled variables. The proposed solution to this problem will
be given in the next section.

Integrating the two problems above, the complete localiza-
tion process contains three steps. Firstly, a rough estimation
of the UE position is obtained through MLE using the initial
UAV position and random UAV-IRS phase shift. Secondly, the
SNR maximization problem is solved based on the estimation
result, and a better UAV position and UAV-IRS phase shift can
be obtained. Both parameters are transmitted to the UAV via a
reliable signaling channel. After the UAV reaches the designed
position and configures the phase shift, UE transmits another
sensing signal. Thirdly, the MLE is executed again at BS to
obtain a more accurate UE position estimate.

III. PROPOSED SNR MAXIMIZATION ALGORITHM

This section is devoted to solving the problem (10) by de-
veloping a novel alternative optimization approach to optimize
UAV position pI and UAV-IRS phase shift w. First, with fixed
w, we optimize pI by proposing a PGA-based algorithm.
Then, with fixed pI , we optimize w by converting the origin
non-convex problem to a phase difference minimization prob-
lem. We derive closed-form expressions for the optimal phase
shift, thus decreasing the algorithm complexity significantly.
Finally, we provide the overall optimization algorithm.

A. Optimization of pI with Fixed w

Considering initially given or calculated w in the past
iteration round, we optimize the position of UAV pI by solving
the following subproblem:

max
pI

SNR(pI)

s.t. ∥pI − p0∥ ≤ Rmax, (11)

which is non-convex because of the complex expression of
SNR. We utilize the PGA algorithm to iteratively solve a better

UAV position and obtain a higher SNR. In the pth iteration
round, p[p]

I can be obtained by calculating:

p
[p]
I = P

{
p
[p−1]
I +

∂SNR(p
[p−1]
I )

∂pI
kp

}
, (12)

where kp represents the update step, and P {·} represents the
projection operator, which can project parameters exceeding
the feasible zone back into it. For any given position p, p̃ ≜
P {p} can be obtained via solving:

min
p̃

∥p̃− p∥

s.t. ∥p̃− p0∥ ≤ Rmax, (13)

which is convex, and can be directly solved using convex
optimization solvers, such as CVX [16].

Take pI [1] for example, ∂SNR(pI)
∂pI [1]

can be calculated as
follows:

∂SNR(pI)

∂pI [1]
=

κP

(1 + κ)σ2

NB∑
b=1

(
∂h̄[b]

∂pI [1]
h̄∗[b] + h̄[b]

∂h̄∗[b]

∂pI [1]

)
,

(14)

where

∂h̄[b]

∂pI [1]
=
√
ρu,IρI,B

NI∑
i=1

αi,uw[i]e−j 2π
λ (db,i+di,u), (15)

and ∂h̄∗[b]
∂pI [1]

=
(

∂h̄[b]
∂pI [1]

)∗
, with

αi,u =−
(
pI [1]− pB [1]

∥pI − pB∥2
+

pI [1]− pu[1]

∥pu − pI∥2

)
− j

2π

λ

(
pi[1]− pb[1]

∥pi − pb∥2
+

pi[1]− pu[1]

∥pu − pI∥2

)
. (16)

The partial derivatives of SNR(pI) with respect to pI [2]
and pI [3] can be similarly derived, and will not be further
elaborated here.

B. Optimization of w with Fixed pI

Then, considering given pI , we optimize the phase shift of
UAV-IRS w by solving the following subproblem:

max
w

SNR(w)

s.t. |w[i]| = 1, i = 1, · · · , NI , (17)

which is also non-convex due to the unit-module constraint. To
tackle this problem, inspired by [17], by defining w̃ ≜ arg(w),
we transfer (17) to minimizing the sum of the square distance
of the phases from their related centroid ϕ(w̃) by:

min
w̃

γ(w̃) ≜
NB∑
b=1

NI∑
i=1

(
w̃[i]− 2π

λ
(db,i + di,u)− ϕ(w̃)

)2

,

(18)
which is a convex function, and ϕ(w̃) is given by:

ϕ(w̃) =
1

NINB

NB∑
b=1

NI∑
i=1

(
w̃[i]− 2π

λ
(db,i + di,u)

)
. (19)
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For certain k = 1, 2, · · · , NI , γk(w̃) can be re-expressed
by:

γk(w̃) =

NB∑
b=1

NI∑
i=1,i̸=k

(
w̃[i]− 2π

λ
(db,i + di,u)− ϕ(w̃)

)2

+

NB∑
b=1

(
w̃[k]− 2π

λ
(db,k + dk,u)− ϕ(w̃)

)2

, (20)

and by operating:

∂γ(w̃)

∂w̃[k]
= 2

(
1− 1

NI

) NB∑
b=1

(
w̃[k]− 2π

λ
(db,k + dk,u)− ϕ(w̃)

)

− 2

NB∑
b=1

NI∑
i=1,i̸=k

1

NI

(
w̃[i]− 2π

λ
(db,i + di,u)− ϕ(w̃)

)
= 0,

(21)

the optimal solution w̃⋆[k] can be solved in a closed form:

w̃⋆[k] =
2π

λNB

NB∑
b=1

(
db,k + dk,u −

1

NI

NI∑
i=1

(db,k + dk,u)

)
.

(22)
Thus, the optimal UAV-IRS phase shift can be represented

as:

w⋆ = [exp(jw̃⋆[1]), exp(jw̃⋆[2]), · · · , exp(jw̃⋆[NI ])]
⊤
.

(23)
In this way, signals reflected by different elements on UAV-

IRS can arrive at BS with the minimum phase difference,
thereby achieving higher receiving SNR.

C. Overall Algorithm

The above analysis of SNR assumes the known UE’s
position. In practice, the estimate of UE position p̂u is
used instead. Thus, we define a new function Γ(pI ,w, p̂u)
to replace the calculation of SNR(pI ,w) in the following
algorithm. Note that the only difference between Γ(·) and
SNR(·) is the value pu substituted.

The overall optimization algorithm is detailed in Algorithm
1, which can be summarized as follows. First, we initialize
the parameters including the random UAV-IRS phase shift
w[0], initial UAV position p

[0]
I , step length kp for the gradient

ascent algorithm, and convergence accuracy for outer/inner
loop, ϵo/ϵi, which should vary with changes in transmit power.
Then, taking a rough estimation of UE p̂u as input, we start to
optimize pI and w alternately, where pI is optimized using
PGA-based algorithm with convergence accuracy ϵi, and w
is optimized using the proposed centroid-based method. w is
considered to be fixed when optimizing pI , and vice versa.
Finally, after the change of SNR is below the pre-set threshold
ϵo, the algorithm ends and outputs the optimal UAV position
p⋆
I and UAV-IRS phase shift w⋆.

IV. SIMULATION RESULTS

This section presents the simulation results conducted to
assess the performance of the proposed optimization algorithm
and its improvement to UE localization. We consider a 3D

Algorithm 1 Iterative joint optimization algorithm.
1: Input: p̂u;
2: Initialization: w[0], p[0]

I , kp, ϵo, ϵi;
3: q ← 0; p̃[0]

I ← p
[0]
I ;

4: repeat
5: p← 0;
6: repeat
7: p← p+ 1;
8: Update UAV position p

[p]
I using (12);

9: until Γ(p[p]
I ,w[q], p̂u)− Γ(p

[p−1]
I ,w[q], p̂u) ≤ ϵi;

10: q ← q + 1;
11: p̃

[q]
I ← p

[p]
I ;

12: Update Phase Shift w[q] using (22);
13: until Γ(p̃[q]

I ,w[q], p̂u)− Γ(p̃
[q−1]
I ,w[q−1], p̂u) ≤ ϵ0;

14: p⋆
I ← p̃

[q]
I ; w⋆ ← w[q];

15: Output: p⋆
I and w⋆.

Cartesian coordinate system with its reference point located
at [0, 0, 0]⊤. The positions of the BS and UE are [12, 0, 2]⊤

and [3, 0, 1]⊤ in meters, respectively. The initial position of
UAV is [6, 6, 3]⊤ in meter. The combined noise power is σ2 =
−125dBm; the carrier frequency is fc = 28GHz, light speed
is c = 3× 108 m/s, and the wavelength can be calculated by
λ = c/fc; the Rician factor is κ = 5; NB = 48 antennas and
NI = 48 reflecting elements are equipped on BS and UAV-
IRS, respectively, and the antenna gains for UE and BS are
Gu = GB = 1. The maximum moving radius of the UAV is
set as Rmax = 3 m. Without loss of generality, we assume
the UAV always moves in the plane z = 3 m, and the UE is
always located in the plane z = 1m. The grid search method
used to solve (8) searches within a 0.4m× 0.4m square zone
centered at the true position of UE, and uses 0.002m×0.002m
grids.

For the evaluation of the proposed localization and opti-
mization algorithms, we utilize the most commonly used root
mean square error (RMSE) and average SNR as metrics,
which can be respectively expressed as:

RMSE =

√√√√ 1

M

M∑
m=1

∥p̂u,m − pu∥2, (24a)

¯SNR =
1

M

M∑
m=1

SNR(p⋆
I,m,w⋆

m), (24b)

where M = 300 realizations are conducted in the simulations,
p̂u,m represents the estimate of UE position pu in the mth
trail, p⋆

I,m and w⋆
m denote the optimal UAV position and UAV-

IRS phase shift obtained in the mth trail, respectively.
Fig. 2 compares the average receiving SNR under 4 different

UAV position and UAV-IRS design schemes, including (a) the
proposed joint optimization algorithm; (b) optimizing UAV-
IRS phase shift only; (c) optimizing UAV position only and
(d) using the initial UAV position and random UAV-IRS phase
shift, where the optimization algorithms for schemes (b) and
(c) are introduced in III-A and III-B, respectively. It can
be observed that the average receiving SNR under all those
schemes increases with transmit power. Scheme (d) results in
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Fig. 2. The average receiving SNR with different UAV position and UAV-IRS
phase shift design schemes.

Fig. 3. The localization RMSE with different UAV position and UAV-IRS
phase shift design schemes.

the lowest receiving SNR because of the lack of configuration
to the environment. Scheme (c) sees a slight improvement
because the SNR function oscillates with the UAV position
for a similar reason explained in Remark 1, hence the PGA
algorithm-based scheme can only find a local optimal value.
Scheme (c) improves SNR more than scheme (b) and thus
indicates that the UAV-IRS phase shift optimization algorithm
outperforms the UAV position optimization algorithm. Finally,
our proposed algorithm, which integrates both schemes (b) and
(c), and iterates till convergence, achieves the best performance
in improving the receiving SNR at BS.

Fig. 3 depicts the RMSE of UE position estimation under
the same 4 schemes mentioned above. It’s worth noting that
the optimization process of schemes (a), (b), and (c) are
based on the estimation result using scheme (d). RMSE under
all schemes decreases with transmit power. The magnitude
relationship of RMSE curves is almost opposite to the SNR
curves, evidencing the effectiveness of maximizing receiving
SNR. It’s also observed that schemes (b) and (c) improve
RMSE slightly, and perform similarly under the RMSE metric,
while our proposed scheme (a) increases the localization

accuracy significantly to nearly 10−2 m.

V. CONCLUSION

In this letter, we have introduced a novel UAV-IRS-assisted
near-field localization system, where the UAV position can be
manipulated, enhancing flexibility in configuring wireless en-
vironments and improving localization accuracy. To maximize
the receiving SNR, an alternative algorithm is proposed, where
the PGA algorithm is utilized to update the UAV position, and
a centroid-based method is leveraged to derive closed-form
expressions for UAV-RIS phase shift. Extensive simulation
results indicate the effectiveness of the optimization algorithm,
and the UE localization accuracy has been significantly im-
proved to nearly 10−2 m under a transmit power of 35 dBm.
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