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Abstract—Reconfigurable intelligent surfaces (RISs) have the
potential to significantly enhance the performance of integrated
sensing and communication (ISAC) systems, particularly in line-
of-sight (LoS) blockage scenarios. However, as larger RISs are
integrated into ISAC systems, mutual coupling (MC) effects
between RIS elements become more pronounced, leading to
a substantial degradation in performance, especially for lo-
calization applications. In this paper, we first conduct a mis-
specified and standard Cramér-Rao bound analysis to quantify
the impact of MC on localization performance, demonstrating
severe degradations in accuracy, especially when MC is ignored.
Building on this, we propose a novel joint user equipment local-
ization and RIS MC parameter estimation (JLMC) method in
near-field wireless systems. Our two-stage MC-aware approach
outperforms classical methods that neglect MC, significantly im-
proving localization accuracy and overall system performance.
Simulation results validate the effectiveness and advantages of
the proposed method in realistic scenarios.

Index Terms—Localization, ISAC, mutual coupling, misspec-
ified Cramér-Rao bound, RIS.

I. INTRODUCTION

The emergence of reconfigurable intelligent surfaces
(RISs) with large apertures is poised to be a key enabler
of high data rates, low latency, and ubiquitous connectiv-
ity in 6G communication systems. Recent studies highlight
the potential of RISs to address the challenges faced by
integrated sensing and communication (ISAC) systems [1].
This advancement increases the likelihood of near-field (NF)
scenarios, highlighting the need for accurate NF models and
algorithms to meet the demanding requirements of commu-
nication, localization, and sensing in 6G networks [2], [3]. In
particular, when user equipment (UE) is in close proximity
to the RIS, wavefront curvature enables direct localization,
even in the absence of a line-of-sight (LoS) link between the
UE and the base station (BS) [3]–[6].

Furthermore, as RIS technology evolves and larger ar-
rays are incorporated into ISAC systems, mutual coupling
(MC) becomes an increasingly critical factor, significantly
impacting the performance of RIS-assisted systems [7]. MC
originates from the electromagnetic (EM) field interactions
between adjacent RIS elements, where the radiation from one
element influences the response of its neighboring elements.
This phenomenon can significantly impair the performance
of RIS-assisted systems, specially in applications such as
localization and sensing. Therefore, mitigating MC effects

is crucial to improving the accuracy and efficiency of RIS-
assisted ISAC systems.

Several studies have explored the use of RISs for local-
ization in either far-field (FF) or NF scenarios (e.g., see [8],
[9] for FF and [3], [5], [10] for NF and references therein).
A common limitation in these works is the omission of
MC effects at the RIS, which results in overly optimistic
performance estimates. To address hardware impairments,
[11] applies deep learning for direction-of-arrival estimation
in uniform linear arrays (ULAs), while [12] employs an
autoencoder for 2D localization with multiple ULA-equipped
BSs, considering effects like MC. However, these supervised
approaches require extensive labeled data and rely on classi-
cal linear modeling for MC, which is impractical, especially
for RISs, limiting their applicability in complex 3D scenarios
and large-array systems.

Additionally, among studies addressing hardware impair-
ments in RIS-assisted systems, [5] explores NF localization
under phase-dependent amplitude variations at individual RIS
elements, while [3] investigates the impact of RIS pixel
failures. However, these two works ignore MC between
RIS elements. Moreover, [13] examines channel estimation
and localization in the FF under hardware impairments but
relies on an unrealistic linear MC model. More recently,
[7] experimentally analyzes MC effects among RIS elements
using an MC-aware communication model based on scatter-
ing matrices. The study proposes a practical model training
approach that estimates MC parameters from a single 3D
full-wave simulation of the RIS radiation pattern. Following
this, in [14], a two-stage approach is proposed to address
channel parameter estimation and beamforming challenges
in active RIS-assisted communication using sparse recovery
techniques.

Unlike previous works, this paper is the first to examine the
impact of MC effects in NF RIS localization, and it quantifies
the performance degradation of classical techniques when
these effects are neglected. The main contributions of this
paper are summarized as follows:

• Investigation of RIS-Aided NF Localization with MC
Effects: We address the challenge of NF RIS-assisted lo-
calization in the presence of MC by adopting a practical
end-to-end EM communication model [15], [16]. The
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Fig. 1: RIS-assisted ISAC system in the near field, where UE localization and
MC calibration are performed at the same time. The scattering coefficients
in (6) characterize the MC effects between RIS elements, which are also
illustrated.

MC effects alter the RIS phase profiles, complicating
the problem of joint localization and MC parameter
estimation (JLMC).

• Impact Evaluation of MC on Localization Accuracy:
We apply the misspecified Cramér-Rao bound (MCRB)
to assess the impact of MC on localization accuracy,
comparing scenarios where the UE is aware or unaware
of MC effects. Our analysis provides key insights into
the conditions including power levels and severity of MC
effects under which ignoring MC leads to substantial
degradation in localization performance.

• Two-step Algorithm Development for Localization
and MC parameter Estimation: We propose a two-
step algorithm to address the JLMC problem. In the first
stage, the 2D angles of departure (2D-AOD) from the
RIS to the UE, the distance between UE and RIS, and
the MC scattering values are initially estimated. In the
second stage, an alternating optimization algorithm is
introduced to jointly refine the 2D-AOD, distance and
MC vector which are then used for UE positioning.
Extensive simulations validate the superior performance
of the proposed method.

II. SYSTEM MODEL AND PROBLEM FORMULATION

This section begins by describing the system model and its
geometric configuration. Next, we present the signal model
and formulate the JLMC problem under MC effects.
A. Geometry and Signal Model

As illustrated in Fig. 1, consider an ISAC system consisting
of a single antenna BS, a passive RIS with Mr = M1M2

elements, where M1 and M2 denote the number of rows and
columns of the RIS, respectively, and a single-antenna UE.
The positions of the BS, the center of the RIS, and UE are
represented by pb ∈ R3, pr ∈ R3, and pu ∈ R3, respectively,
while pr,n denotes the position of the n-th element of the
RIS. We assume that the LoS path between the BS and UE
is blocked, and that the UE is stationary, thereby neglecting
Doppler effects for simplicity.

The BS communicates with the UE via the RIS by trans-

mitting Nt narrowband pilot symbols, x = [x1, . . . , xNt ]
T.

For simplicity, we assume that xi = 1 for all i throughout
the paper. After stacking the received signals from all Nt

transmissions, the downlink received signal vector at the UE,
denoted as y ∈ CNt , is given by

y = βh+ n, (1)
where n ∼ CN (0, N0INt) denotes the additive white Gaus-
sian noise vector with N0 being the noise power spectral
density (PSD). In addition, β denotes the overall channel gain
which can be modeled as [6], [17], [18]:

β =
λ2

√
PGtGrexp(jφ)

16π2∥pu − pr∥∥pr − pb∥
, (2)

where P represents the transmitted power, φ is the global
phase offset, λ denotes the signal wavelength, and Gt and Gr

specify the transmit and receive antenna gains, respectively.
Furthermore, h ∈ CNt is the cascaded RIS-reflected channel
vector i.e., accounting for RIS array responses and phase
shifts, with its t-th element given by

[h]t = a(pu)
TΩ

′

ta(pb), (3)
For a given position p, the NF RIS steering vector, denoted
as a(p) ∈ CMr , has its n-th element defined as

[a(p)]n = exp (−jk(∥p− pr,n∥ − ∥p− pr∥)) , (4)
where k = 2π/λ is the wave number. In (3), Ω

′

t ∈ CMr×Mr

represents the unknown MC-affected phase control coeffi-
cients of the RIS during the t-th transmission, [19, Eq. (5)],
[20, Eq. (8)], [7, Eq. (7)]:

Ω
′

t = (Ω−1
t − S)−1, (5)

where S ∈ CMr×Mr denotes the scattering matrix. It is
crucial to highlight that the matrices Ωt are controlled by the
system designer, and therefore, they are known in advance.
In contrast, the scattering matrix S is unknown a priori,
which makes the MC-affected RIS phase profiles Ω

′

t also
unknown. According to [16], RIS elements that are closer
together exhibit higher mutual impedance, which results in
increased scattering between them. Consequently, the scat-
tering matrix S can be approximated by assuming negligible
mutual impedance for elements that are sufficiently far apart
[7, Eq. (15)]:

S ≈
Nm−1∑
i=0

siAi. (6)

where Nm is the number of the dominant MC scattering pa-
rameters s0, s1, . . . , sNm−1. In addition, Ai ∈ {0, 1}Mr×Mr

denotes the support matrix for the MC coefficient si ∈ C.
Specifically, [Ai]k,l = 1 if the voltage wave si is measured
at the k-th element of the RIS when a unit voltage wave is
applied at the l-th element of the RIS, and zero otherwise.

B. Problem Formulation
The objective of this paper is to jointly estimate the MC

parameter vector s = [s0, . . . , sNm−1]
T and the UE position

pu. The ML estimator for the JLMC problem is given by
(β̂, p̂u, ŝ) = argmin

β,pu,s
∥y − βh∥2. (7)

The closed form optimal complex value of β for a given pu
can be easily obtained using least squares as:

β̂ = hHy/∥h∥2. (8)



After inserting (8) back into (7) and then removing the terms
not dependent on the optimization variables, the problem can
be simplified as:

(p̂u, ŝ) = argmax
pu,s

|hHyc|2/∥h∥2. (9)

Before presenting the proposed method, we first quantify the
localization performance in the next section using the MCRB
and the standard CRB analysis.

III. MCRB AND CRB ANALYSIS UNDER MC
A. MCRB Analysis

In this subsection, we evaluate the localization performance
when the UE is unaware of the presence of MC and con-
sequently estimates its location by assuming S = 0. We
employ the MCRB analysis to derive theoretical bounds on
the localization accuracy under these conditions.
1) True and Assumed Models

In the following, we define the true and assumed models.
The true channel model is expressed as:

y = β h+ n, [h]t = a(pu)
TΩ

′

ta(pb), (10)
where β and pu denote the true values of the unknown
parameters β and the UE position pu, respectively. For a
given MC vector s, the probability density function (PDF)
of the true model in (10) can be expressed as:

pc(y) =
1

(πN0)Nt
exp

(
−∥y − yc∥2

N0

)
, (11)

where yc = β h ∈ CNt .
For the assumed model, we consider an ideal RIS without

MC. Specifically we assume S = 0 which leads to:
y = βh̃+ n, [h̃]t = a(pu)

TΩta(pb). (12)
Since Ωt is diagonal, h̃ can be represented in a compact
form h̃T = b(pu)

TW , where W ∈ CMr×Nt whose t-th
column is [W ]:,t = diag(Ωt) and b(pu) = a(pu) ⊙ a(pb).
The misspecified PDF is obtained as

pm(y|γ) = 1

(πN0)Nt
exp

(
−∥y − ym(γ)∥2

N0

)
, (13)

where γ = [βR, βI ,p
T
u ]

T is the unknown parameters, where
βR = ℜ{β}, βI = ℑ{β}, and ym(γ) = βh̃ ∈ CNt . The
pseudo-true parameter is used in the MCRB derivation and
is defined as
γ0 = argmin

γ
D(p(y) ∥ p̃(y|γ)) (a)

= argmin
γ

∥yc − ym(γ)∥ (14)

where (a) is obtained by utilizing [5, Lemma 1].
2) MCRB and LB

The lower bound of the covariance matrix for any unbiased
estimator of γ0 with respect to the true vector γ can be
obtained as:

Epc{(γ̂(y)− γ)(γ̂(y)− γ)T} ⪰ LB(γ0), (15)
where γ̂(y) denotes the unbiased estimator of γ0 based on
(12). Moreover, the lower bound matrix is defined as:

LB(γ0) = A
−1
γ0
Bγ0

A−1
γ0︸ ︷︷ ︸

MCRB(γ0)

+(γ − γ0)(γ − γ0)T︸ ︷︷ ︸
Bias(γ0)

, (16)

where Aγ0
∈ R5×5 and Bγ0

∈ R5×5 can be calculated as:

Aγ0 = Epc

{
∂2

∂γ2
ln pm(y|γ)

∣∣∣∣
γ=γ0

}
, (17)

Bγ0 = Epc

{
∂ ln pm(y|γ)

∂γ

(
∂ ln pm(y|γ)

∂γ

)T ∣∣∣∣
γ=γ0

}
(18)

Thus, the position error bound (PEB) on the localization
accuracy under MC when the UE is not aware of MC is

determined as:
PEBunaware = Tr{[LB(γ0)]3:5,3:5} (19)

3) Pseudo-True Parameter Estimation
In this subsection, we describe how γ0, Aγ0

, and Bγ0
are

determined. To compute γ0, we substitute ym(γ) with its
definition from (12), which results in:

γ0 = argmin
γ

∥yc − βh̃(pu)∥2. (20)

Using a similar technique which was used to simplify (7),
[γ]1:2 can be determined using a closed form formula similar
to (8). Thus, the problem transforms to:

[γ0]3:5 = argmax
pu

|h̃(pu)Hyc|2/∥h̃(pu)∥2, (21)

Note that when the MC effect is sufficiently small (i.e.,
lower ∥s∥), the solution of (21) is close to the true UE
position pu. However, for more severe MC, the solution may
deviate further from pu. To obtain a more robust solution,
we perform a 3D discrete search within a small cube of
side length xs centered at pu. Using the obtained position
as the initial estimate, we apply the Nelder-Mead algorithm
[8], [21], an off-the-shelf optimizer, to obtain the gridless,
accurate solution.
4) MCRB Derivation

By substituting (13) in (17) and (18), the first and second
order derivatives with respect to [γ]i are obtained as:

∂ ln pm(y|γ)
∂[γ]i

=
2

N0
ℜ{ẏm(γ)H(y − ym(γ))}, (22)

∂2 ln pm(y|γ)
∂[γ]i∂[γ]j

=
2

N0

[
ℜ
{
ẏ

′
m(γ)H(y − ym(γ))

− ẏm(γ)Hy
′
m(γ)

}]
,

(23)

where ẏm and y
′

m denote the element-wise derivatives of
the vector ym(γ) with respect to [γ]i and [γ]j , respectively.
After performing expectation with respect to the PDF pc(y),
the elements of the matrices Aγ0 and Bγ0 can be obtained
as:
[Aγ0 ]i,j=

2

N0
ℜ
{
ẏ

′
m(γ0)

H(yc − ym(γ0))− ẏm(γ0)
Hy

′
m(γ0)

}
,

[Bγ0 ]i,j=
4

N2
0

µ̇µ
′
+

2

N0
ℜ{ẏm(γ0)

Hy
′
m(γ0)},

where µ̇ = ℜ{ẏm(γ0)
H(yc − ym(γ0))}, and µ

′
=

ℜ{y′

m(γ0)
H(yc − ym(γ0))}.

B. Standard CRB Analysis
In this subsection, we conduct a standard CRB analysis to

derive the theoretical performance when the UE is aware of
the presence of MC effects. A comparison with the MCRB
will highlight the performance degradation when MC effects
are neglected by the UE. Specifically, we focus on the sce-
nario where the UE is aware of the MC presence but does not
know the MC vector s. The corresponding Fisher information
matrix denoted by J2(ζ) ∈ R(2Nm+5)×(2Nm+5) is defined
for the state parameter vector ζ = [βR, βI ,p

T
u , s

T
m]T, where

sm ∈ R2Nm with [sm]2i−1 = ℜ{si} and [sm]2i = ℑ{si}.
Thus, the PEB is calculated as:

PEBaware = Tr{[J−1
2 (ζ)]3:5,3:5}. (24)

IV. PROPOSED METHOD

To reduce complexity and facilitate optimization, instead of
direct localization, we rewrite the UE position as the function



of its 2D-AOD ψr,u = [θr,u, ϕr,u]
T and distance du with

respect to the RIS as pu = pr + duu(ψr,u). Here, θr,u and
ϕr,u correspond to the elevation AOD, which measures the
angle between u and the XY-plane, and the azimuth AOD,
which defines the angle between the projection of u onto the
XY-plane and the X-axis, respectively. These angles can be
determined as follows:
θr,u = arccos

(
[pu;r]3
∥pu;r∥

)
, ϕr,u = arctan2([pu;r]2, [pu;r]1),

(25)
where pu;r = RT(pu − pr), with R ∈ R3×3 representing
the rotation matrix that defines the orientation of the RIS.
Moreover, u(ψ) = [sin θ cosϕ, sin θ sinϕ, cos θ]T is the unit
vector pointing in the direction of the 2D-AOD ψ = [θ, ϕ]T.
Thus, the optimization problem is rewritten as follows:

(ψ̂r,u, d̂u, ŝ) = argmax
ψr,u,du,s

|hHy|2/∥h∥2. (26)

A. Initial Coarse 2D-AOD Estimation

To obtain an initial estimate of the 2D-AOD ψr,u effi-
ciently, we simplify the problem by assuming an MC-free
scenario, i.e., s = 0Nm

and h ≈ h̃(ψr,u, du). Next, we
approximate the NF steering vectors in (4) by using their FF
equivalents as [5]:

[a(p)]n ≈ [aφ(ψr,u)]n = exp
(
jkp̃Tr,nu(ψr,u)

)
, (27)

where p̃r,n denotes the local coordinate of the n-th RIS
element. Moreover, aφ(.) ∈ CMr denotes the RIS FF angle-
dependent steering vector. Under this assumption, the vector
h̃ can be approximated as:

h̃T ≈ cT(ψ) = (ar(ψ)⊙ ar(ψ
a
b,r))

TW . (28)
Finally, the 2D-AOD region is discretized into a 2D grid
mesh with coarse step sizes cθ and cϕ along the respec-
tive dimensions. For each grid point ψi, according to the
simplified optimization problem in (9), we compute (28) at
ψi and normalize the resulting vector to obtain the vector
c(ψi)

∥c(ψi)∥ . By stacking the normalized vectors, we form the
matrix C ∈ CNt×Nc . To estimate the 2D-AOD for a given
observation vector y, we first calculate the vector CHy. The
corresponding 2D-AOD is then determined by selecting the
grid point with the maximum absolute value:

î = argmax
i

|[C]H:,iy|, ψ̂r,u = ψî . (29)

To improve efficiency, the matrix C can be precomputed and
reused for initial 2D-AOD estimation at any location.

B. Initial Coarse Distance Estimation

By fixing the 2D-AOD by using the obtained initial esti-
mate in the previous section, and assuming s = 0Nm

, the
distance is estimated via 1D search as follows:

d̂u = argmax
du

|h̃(ψ̂r,u, du)
Hy|2/∥h̃(ψ̂r,u, du)∥2. (30)

C. Initial Coarse MC Estimation

We assume a challenging scenario where no channel mea-
surements or prior information are available on MC scattering
values. In the following we propose a simple closed form
approach for initial MC coefficients estimation. First, we
approximate MC affected RIS profiles defined in (5) using

the first two terms of the Neumann series expansion as [16]:

Ω
′

t =

∞∑
n=0

(ΩtS)
nΩt ≈ Ωt +ΩtSΩt

= Ωt +

Nm−1∑
i=0

siΩtAiΩt (31)

Thus, h in (3) can be approximated as:
h = h̃+Gs, (32)

where G ∈ CNt×Nm with the (t, i)-th element
[G]t,i = a(pu)

TΩtAiΩta(pb).
Hence, the MC vector s in (7) can be estimated via least
squares as:

ŝ = G†(y/β − h̃), (33)

where h̃ can be estimated using the initially estimated
channel parameters discussed in previous subsections. The
channel gain β can be estimated by substituting h̃ in (8).
D. Joint Position and MC Parameter Refinement

In this subsection, we adopt an alternating optimization
approach for the joint refinement of the 2D-AOD, distance,
and MC vector. Starting with the initial estimates derived in
the previous subsections, we iteratively optimize the objec-
tive function in (26) by alternately updating the 2D-AOD,
distance, and MC vector until convergence. Convergence is
achieved when the maximum update of all parameters falls
below a predefined threshold ϵ. The overall proposed JLMC
algorithm is summarized in Algorithm 1. It is noteworthy that
for steps 6, 7, and 8 of the refinement stage, the off-the-shelf
quasi-Newton approach is employed for optimization. Upon
convergence of the algorithm, the 3D position of the UE in
the local coordinate system is determined as

p̃u = d̂uûn, (34)
Here, ûn represents the unit vector corresponding to the esti-
mated 2D-AOD ψ̂r,u, and p̃u denotes the estimated location
in the RIS’s local coordinate system. The global coordinate
position can then be readily computed as

p̂u = Rp̃u + pr. (35)

V. SIMULATION RESULTS

In this section, we perform simulations to validate the
proposed JLMC algorithm in RIS-assisted ISAC systems.
The default parameters are shown in Table I. The chosen
RIS size M1 = M2 = 48 results in a NF region spanning
from 1.187m to 22.074m. Furthermore, the elements of the
RIS phase profiles, {Ωt}Nt

t=1, are randomly selected from
the range [−π, π]. In all simulations, the number of MC
coefficients is set to Nm = 3. The default unit-norm MC
vector, s, is specified in Table I. For cases where ∥s∥ = q,
the default vector from Table I is scaled by q to achieve the
desired norm. The received signal is generated using (1).
A. Performance of the Proposed JLMC

This subsection examines the performance of the proposed
JLMC algorithm by analyzing the root mean squared er-
ror (RMSE) across various power levels and MC severity
conditions. To provide a benchmark, the values PEBunaware

and PEBaware, as defined in (19) and (24), are used for



Algorithm 1 Proposed JLMC Algorithm

1: Inputs: Received signal y measured at unknown position
pu based on (1), and convergence threshold ϵ.

2: Output: Estimated 3D position p̂u and MC vector ŝ.
3: Initialization Stage: Find an initial estimate of the 2D-

AOD ψ̂r,u, distance d̂u, and the MC vector ŝ according
to (29), (30), and (33), respectively.

4: Refinement Stage: Refine the estimated parameters via
alternating optimization approach as follows:

5: while maximum parameter update is greater than ϵ do
6: Update the 2D-AOD ψ̂r,u by maximizing (26) by

keeping the other variables fixed.
7: Update the distance d̂u by maximizing (26) by keep-

ing the other variables fixed.
8: Update the MC vector s by maximizing (26) by

keeping the other variables fixed.

9: Estimate the UE position pu using (35).

TABLE I: System parameters
System Parameters Symbol Default Value
Number of pilot symbols Nt 15
Carrier frequency fc 30GHz
Bandwidth W 1MHz
Noise PSD N0 −173.855 dBm
Transmit antenna gain Gt 1
Receive antenna gain Gr 1
Light speed c 3× 108

MC vector s [−0.681 + 0.458j,−0.506 + 0.0492j,

0.244 + 0.0928j]T

BS position pb [0, 0, 2.5]T [m]
RIS position pr [0, 5, 2]T [m]
UE position pu [7, 3, 1.5]T [m]
RIS number of elements Mr 48× 48 = 2304
Algorithm stop threshold ϵ 10−15

comparison. The JLMC algorithm, described in Algorithm 1,
jointly estimates both the MC parameters and the loca-
tion. Simulations are conducted for ∥s∥ ∈ {0, 0.01, 0.05}
and power levels P ∈ {−15,−10,−5, 0, 5, 10}dBm, with
Ngen = 500 data samples generated for each scenario.

The localization RMSE results are illustrated in Fig. 2. As
shown in the figure, higher values of ∥s∥, corresponding to
more pronounced MC effects, lead to significant deviations of
conventional MC-unaware methods from the true CRB. By
contrast, the proposed MC-aware JLMC algorithm exhibits
strong alignment with the CRB, demonstrating its robustness.
It is worth noting that since the PEBaware curves for different
∥s∥ are nearly identical, only the curve for ∥s∥ = 0 is
plotted for simplicity. This is due to the fact that the MC
scattering components in the vector s are nuisance and do not
contribute meaningful information to the localization process.
This observation will be further illustrated in the subsequent
subsections. Furthermore, the bias term, defined in (16), is
shown for ∥s∥ = 0.01.

Fig. 3 illustrates the pseudo-true UE positions for two MC
vector norms, ∥s∥ = 0.02 and ∥s∥ = 0.05, along with the
corresponding bias terms. It is noteworthy that classical MC-
unaware methods converge to these positions as the transmit
power increases, with their RMSE values approaching the as-
sociated bias terms, highlighting the significant performance
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√
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Fig. 2: Comparison of the proposed JLMC algorithm and the lower bounds.
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Fig. 3: Pseudo-true UE positions for ∥s∥ ∈ {0.02, 0.1}. The colorbar shows
the z coordinate values.

degradation of MC-unaware approaches.
B. Impact of ∥s∥ on JLMC and Benchmarks

In this experiment, we evaluate the effect of ∥s∥, which
quantifies the severity of MC, on system performance.
Specifically, RMSE results and benchmarks are obtained
for 0 ≤ ∥s∥ ≤ 0.1, as shown in Fig. 4. The results
indicate that the CRB values are approximately identical
with respect to ∥s∥, validating our claim in Section V-A. In
contrast, the PEBunaware values grow significantly with higher
∥s∥, demonstrating that conventional MC-unaware methods
become increasingly suboptimal as MC effects are neglected.

Additionally, consistent with observations in the previous
subsection, PEBunaware remains invariant across the power
levels considered. This behavior arises because, beyond a
certain power, PEBunaware converges to the bias term defined
in (16) (the MCRB term converges to zero). On the other
hand, the proposed JLMC algorithm closely follows the CRB
curves, effectively mitigating MC-related degradation. How-
ever, it is observed that the performance of JLMC deteriorates
slightly with larger ∥s∥, leading to minor deviations from
the CRB. This degradation can be attributed to reduced
accuracy in the initialization steps of JLMC, detailed in
Sections IV-A, IV-B, and IV-C. Since the quasi-Newton
optimization approach is highly sensitive to initialization
precision, the performance impact becomes noticeable for
higher ∥s∥. Nevertheless, the proposed JLMC algorithm
consistently outperforms PEBunaware and remains close to the
CRB curves.
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Fig. 4: Localization performance versus MC severeness.

VI. CONCLUSION

This paper addressed the problem of 3D localization for a
single-antenna UE in a NF RIS-assisted ISAC system, con-
sidering the impact of MC among RIS elements. We proposed
a two-stage framework for joint UE localization and MC
parameter estimation. In the first stage, initial estimates of
the 2D-AOD, UE-RIS distance, and MC parameters were ob-
tained, while in the second stage, these estimates were refined
using an alternating optimization approach. The performance
of the proposed method was analyzed through MCRB and
standard CRB derivation via FIM analysis, which highlighted
the effectiveness of the proposed approach and the significant
degradation of classical MC-unaware techniques. Simulation
results validated the accuracy and efficiency of the proposed
algorithm. Future work will explore scenarios involving mul-
tiple simultaneous hardware impairments to further enhance
the system’s robustness in practical environments.
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