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Abstract—This paper investigates the optimization of reconfig-
urable intelligent surfaces (RIS) for near-field user equipment
(UE) localization in the presence of channel spatial non-
stationarity (SNS) across elements and the involved deliberate
model misspecification. Traditional far-field localization tech-
niques struggle to maintain accuracy in near-field scenarios
characterized by spherical wavefronts (SWFs) while algorithms
relying on a full-fledged near-field model with SNS and SWF
necessitate long transmission durations to estimate a large
number of parameters. To address these challenges, we propose
a novel low-complexity localization algorithm based on a mis-
specified model that reduces the number of unknown channel
parameters with limited impact on accuracy. A misspecified
Cramér-Rao bound (MCRB) analysis is also performed to eval-
uate theoretical performance degradation due to the involved
model misspecification. Additionally, we propose a codebook
design that leverages coarse UE location information to enhance
localization accuracy. Numerical simulations validate the effec-
tiveness of the proposed estimation method and highlight the
advantages of using the proposed codebook.

Index Terms—Reconfigurable intelligent surfaces (RIS),
near-field localization, codebook optimization, channel non-
stationarity, misspecified Cramér-Rao bound (MCRB).

I. INTRODUCTION

HE wireless communication and sensing technologies for
beyond fifth generation (B5SG) and sixth-generation (6G)
networks are in an active research and development phase to
meet the increasing demands for ultra-reliable connectivity,
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high data rates and precise localization [1]. Reconfigurable
intelligent surface (RIS) have attracted attention for their
ability to manipulate the signal propagation environment. Such
RISs are generally composed of numerous programmable
elements, which can reflect, refract, and even absorb electro-
magnetic waves to optimize signal quality [2], [3]. Due to
the lack of RF chains, passive RIS can be considered more
economical for addressing critical challenges, including sig-
nal blockage and power inefficiencies, which are particularly
prominent with higher frequency bands like millimeter-wave
and terahertz (THz), compared to multi-antenna and relay
based solutions [4], [5]. Moreover, the integration of RIS into
the cellular localization task and related signal processing
solutions introduces more degrees of freedom and enhances
the accuracy by constructing intelligent radio environments
(6], [7].

Early works on RIS-based systems focused primarily on
phase-only control to steer reflections [8]. Recent research
has expanded toward architectures capable of manipulating
both phase and amplitude. For example, simultaneous trans-
mitting and reflecting (STAR) RISs enables simultaneous
reflection and transmission, extending coverage to both sides
of the surface [9], [10]. In addition, practical RIS proto-
types already exhibit non-unit reflection amplitudes, partial
absorption, and tunable complex coefficients [11], [12]. These
findings motivate amplitude-aware surface models, such as
absorptive reconfigurable intelligent surfaces (ARISs) [13],
[14], [15], which intentionally dissipate part of the incident
energy. ARISs have demonstrated benefits, e.g., in interference
mitigation [13], physical-layer security [14], and frequency-
selective filtering [15]. Importantly, unlike ideal reflective
designs, both STAR RISs and ARISs permit non-unit reflection
magnitudes, providing additional flexibility for beamforming
and codebook design [16].

Most existing RIS-aided localization works rely on far-
field propagation models, exploiting angle-of-arrival (AoA),
received signal strength (RSS), time-of-arrival (ToA), or time-
difference-of-arrival (TDoA) measurements under planar wave
assumptions [17], [18]. For example, monostatic sensing with
single- and double-bounce separation [19], joint sensing and
communication related beam optimization [20], as well as
environment mapping using RIS-assisted paths [21] have
been investigated. While often computationally efficient, far-
field models become inaccurate for very large arrays or
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high-frequency bands where the near-field region expands
significantly [22]. Recent electromagnetic analyses demon-
strate that even simplified near-field approximations may lead
to substantial localization bias [23], while mutual-coupling-
aware studies confirm the presence of hardware-induced
distortions in realistic deployments [24]. On the other hand,
and very importantly, spherical wavefront (SWF) behavior
in the near field enables direct range estimation even in
narrowband systems, offering accuracy improvements over far-
field setups and models [25], [26], [27], [28], [29].

Motivated by these advantages, many researches have
addressed RIS-aided near-field localization [18], [30], [31],
[32], [33], [34], [35], [36], [37]. To this end, RSS-based
solutions offer simplicity but lower accuracy compared to
approaches exploiting ToA/AoA [18], [30]. Refined chan-
nel models have been proposed to decouple distance and
angle estimation [31], while segmentation of large RIS pan-
els into smaller sub-RIS regions enables localization under
far-field approximations [32]. Codebook optimization has
also been explored to improve near-field accuracy, either
by steering beams toward coarse user locations [33] or by
minimizing Cramér-Rao bound (CRB)-based metrics using
spatially-focused or derivative beams [34], [35]. However, all
these works assume ideal RIS amplitude responses, neglecting
practical amplitude variations arising from hardware impair-
ments or propagation non-stationarity, while often also calling
for extensive amounts of pilot or reference symbols. As shown
in [38], simplified models may introduce systematic bias,
making mismatch-aware analysis essential. The misspecified
Cramér-Rao bound (MCRB) framework was recently applied
in [36] to analyze phase-dependent amplitude variations, while
our preliminary work in [37] proposed a misspecified model to
reduce the number of amplitude parameters in non-stationary
RIS channels.

Building on these advancements, this article addresses
critical challenges in near-field downlink localization of a
single-antenna user equipment (UE) using a single-antenna
base station (BS) with the help of ARIS. Specifically, the
unknown element-wise channel amplitudes of ARIS are hard
to estimate due to the large size of ARIS. On the other
hand, the variation in amplitudes is often negligible on small
scales of ARIS. Based on this observation, we define sub-
ARIS regions where the amplitudes of the elements are
assumed or approximated to be identical. This simplification
effectively reduces the number of parameters to estimate while
still enabling accurate localization capability. Hence, our sub-
region based modeling approach serves to bridge the gap
between the prohibitive complexity of full-fledged near-field
models incorporating channel spatial non-stationarity (SNS)
effects into all ARIS elements and the over-simplicity of
near-field models with no SNS effects (i.e., identical channel
amplitudes over the entire ARIS). Furthermore, we optimize
ARIS codebook based on the proposed sub-region based
model, improving near-field localization performance. The key
novelty and contributions of this article can thus be stated and
summarized as follows:

e Sub-region Based Misspecified Model: We propose
a sub-region based model to reduce the number of
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unknowns related to ARIS elements’ channel amplitudes
while still maintaining high localization performance
with low pilot overhead. This facilitates near-optimal
estimation of parameters under a model misspecification
between the full-fledged near-field model and the pro-
posed misspecified model.

e Low-Complexity Localization Algorithm: To tackle the
infeasibility of solving the localization problem with
the full-fledged model, we propose a low-complexity
near-field localization algorithm based on mismatched
maximum likelihood (MML) estimation that relies on the
proposed sub-region based misspecified model. Numeri-
cal evaluations show that the proposed algorithm achieves
localization accuracy closely aligned with the theoretical
lower bounds.

e Analysis Through MCRB: The degree of model
misspecification depends on the assumed number of sub-
ARIS regions. To quantify the resulting performance
degradation in ARIS-aided near-field localization, we
conduct a comprehensive MCRB analysis that highlights
the impact of model misspecification on localization
accuracy and provides practical guidelines for selecting
an appropriate number of sub-ARISs. The results demon-
strate that choosing a proper number of sub-ARISs can
yield location estimates with negligible performance loss.

e ARIS Codebook Optimization: To enhance the localiza-
tion performance of the proposed algorithm, we design
ARIS codebooks under coarse UE location knowledge
by combining spatially-focused and derivative beams.
The results demonstrate significant gains over codebooks
consisting of spatially-focused beams and random code-
book, particularly at low transmit powers, where accuracy
improvements are most critical. Moreover, the proposed
codebook exhibits strong robustness to multipath effects.

Notations: Vectors and matrices are presented in bold low-
ercase and uppercase letters, respectively. Sets are represented
by calligraphic uppercase letters. The m-th element of a vector
a is denoted as [a],,, while a submatrix of J spanning rows
i to j and columns k to [ is expressed as [J]; ., . The
operators for Hermitian transpose, transpose, pseudoinverse,
and complex conjugation are denoted by (-)¥, (:)T, ()T,
and (-)*, respectively. The L2 norm operator is || - ||, and
the argument for a complex number is defined as arg(-).
R{B} extracts the real component(s) of complex input 5.
The Kronecker product is presented by ® and the trace of a
matrix X is denoted by Tr(X). Element-wise multiplication is
expressed using @, and summation is indicated by > . Matrix
inequalities are denoted by >. The covariance operator is
represented by Cov(-) while (-) represents the average over
vector elements. Finally, the operator | - | denotes the complex
modulus.

II. SYSTEM MODEL AND PROBLEM FORMULATION
A. Basics and Problem Geometry

We consider a downlink single-input single-output (SISO)
scenario where we aim to localize a UE based on signals
transmitted by a BS, as shown in Fig. 1. The BS and UE
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Fig. 1. Illustration of the considered RIS-aided localization scenario where
a large multi-panel ARIS is deployed on the walls. The propagation paths
of line-of-sight (LoS), first-order reflections, and second-order reflections are
marked by red, black, and green dashed arrows, respectively. The red dashed
frame marks an example virtual sub-ARIS region, whose size can in general
vary from a fragment of a single physical panel to a set of adjacent physical
panels depending on the parameterization of the proposed estimator.

are both equipped with an omnidirectional antenna. Multiple
physical ARIS panels are deployed and synchronized with
the BS, serving as additional anchors to reflect the signal
from the BS to the UE. The overall ARIS consists of a total
of M elements, where the elements within a single physical
panel are linearly placed on the wall with an element spacing
of A\./2, where A\. = c¢/f. is the wavelength corresponding
to the carrier frequency f. while ¢ represents the speed of
light. Furthermore, in the Cartesian system, we denote the
known location of BS as pgs = [vBs,¥ss,zss] € R2.
Likewise, the known location of the m-th ARIS element and
the unknown location of the UE are expressed as paris,m =
[T ARIS,m, YARIS,m» ZaRIS,m] | € R?, and p = [7,7,2]" € R3,
respectively. We also assume L unknown scatterers randomly
located in the environment with locations p; = [z}, v7,7]]" €
R3VIe{1,2, ..., L}.

B. Signal and Channel Model

We assume and consider a narrowband transmission model,
which can, in practice, represent a single sub-carrier in an
orthogonal frequency division multiplexing (OFDM)-based
system. The BS transmits constant amplitude pilot symbols
st € C to UE at instances ¢t € {0,1,...,27 —1}, with a band-
width W and transmit power P, = W E,, where E; = E{|s|*}
is the energy per symbol. Here, T" denotes the effective pilot
number used to extract measurements for localization; further
explanation is provided later in this section. The received
signal at UE is given by

Yyt = (Hros + Hsc + Hasc,t + Haris,t)St + Nt (D

where n; € C is independent identically distributed (i.i.d.)
complex Gaussian noise with zero mean and variance (in dB)
No = —174 + 10log,,(W) + NF, where —174dBm/Hz
is the thermal noise density at room temperature, W is the
bandwidth in Hertz, and NF' is the receiver noise figure
in dB. The channel response of the LoS path is denoted
by Hios, while the first-order reflection path from scatterers
and ARIS are denoted by Hg. and Hagis ¢, respectively. The
second-order reflection path, denoted with Hjasc ¢, includes
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both Tx-ARIS-scatterers-Rx and Tx-scatterers-ARIS-Rx paths.
All four channel components are described by

Hios = e Ac e—j%(l\ms—ﬁ“), )
4r||pss — Pl
— L Se
Hge = &/Vy " B 79T, (3)
=1
Haris = ¢/Va’ (pps)diag(8 © w;)a(p), “)

L
P - _ASc - ScA
Hpser = €Y/ Z(,@fsc ©e 1P 4 B eI,
=1
(&)

where 1) € (—, 7] is the phase offset between the BS and the
UE. The coefficients 57° and ¢;° in Equation (3) are channel
amplitude and phase of the Tx-scatterer-Rx path, and their
values can be defined and computed as

Se VORCSAZ ©)

[ 5 sl s’

8m5||pes — p; [P — pi|

27
Ac

i = —(llpss — pill + 1P = BiID; (7)
where ogcs is the radar cross-section of scatterers.

In the first-order reflection channel of ARIS, Hagys ¢, wi €
CM is the ARIS coefficient vector at instant t. The m-th
element of the reflection coefficient w; is wy, ; = pmytej Pmt
where ¢, € (0,7] is the phase and p,,; € [0,1] is the
amplitude [13]. We can describe the ARIS steering vector as
a(q) € CM, whose m-th entry reads

[a(q)]m = e 7 AellaPars.mll ®

where q € {D, pss}. For the channel amplitude, we define the
vector 3 € RY) to describe the link from BS to UE via the
ARIS. The m-th entry of ARIS’s amplitude vector is expressed
as [39]

1B = /G (P, PBs, Paris,m) (Ac/2)? ©

 A7|P — paris,m || [|PBs — Parism ||’

where G(d1, Paris,m;Q2) € R is the function that computes
m-th ARIS element gain regarding the signal that comes from
the location q; to the reflected location qs. This is defined
based on [39] as

G((ll, PARIS,m» Q2) =

cos?(0(qy, Paris.m)) sin? (A(q1, Paris.m, d2))
AQ(Qh PARIS,m OI2) '

(10)

where A(q1, Paris,m,d2) is the intermediate function that
computes the sine difference between two angles, and
8(q, Paris,m) € [0,27] denotes the signal propagation angle
between two points with respect to the normalized vector
V., € R3, which is perpendicular to the plane of m-th ARIS
element. These can be expressed as

A(Oha PARIS,m OI2)

T, .

= E(Sln(e(Q%I)ARIS,m)) — sin(0(qq, pParis,m))), (11
- m Tvm

0(d, PARIS,m) = arccos ((q PARISm) ) . (12)
ld — Pars,m ||
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For second-order reflections, we have the channel amplitude
#5¢ € RM and phase ¢'>° € RM of the Tx-ARIS-scatterer-
Rx path. Similarly, 87 € RM and ¢ € RM are the
channel amplitude and phase of the Tx-scatterer-ARIS-Rx
path. The m-th entries of the above channel vectors can now

be expressed as

/G (PBs, Paris,m, P} )orcs (Ae/2)?

[’Gﬁsc]m = 1.5 s = s||?

8715 pes — Paris,m || [[Paris,m — P7 [P — P |l
(13)

[ ASC] _ s o 2£ = _ .5
01 ]m = arg([a(pss)]m) + arg([a(p})]m) 3 I —pil
(14)

1854),, = VG(P;, Paris,m: P)orcs (Ae/2)?

b 8wl — pawis,m | [Paris.m — P |l[[pes — Pl
(15)

SCA]

(1" |m = arg([a(P)]m) + arg([a(pi)lm) — %HPBS - pill-

(16)

To extract signals associated with the ARIS, we can design
its reflection coefficients to form a balanced sequence. For
example, setting w; = —w;4;, the corresponding channel
response satisfies Haris,: = —Haris,t+1 for odd ¢. This design
ensures that the sum of the ARIS-involved channels over
the entire duration cancels out, i.e., 2?21 Haris,: = 0 [40],
[41]. By substituting channel models at adjacent time instants,
this approach enables cancellation of Hy,s and Hs., while
maintaining the components associated with the ARIS. After
that, the received signal y € CT, where T is the effective pilot
number for localization purposes, can be expressed as

y = ejEFT(,B ©a(P)) +ymwr +n, an
L

yint = 70T S(BIF @ eI 4 g5 @ IR, (18)
=1

where F = [fy, ..., fr] € CM*T f, = diag(ws,_1)a(pgs) €
CM 1€ {1,2,...,T}, yinr € CT is the interference signal
reflected from the scatterers, and Q = (w1, w3, ..., wor_1] €
CM*T | The additive noise is n ~ CA(0, pI), where p =
No/(2E;) denotes the normalized noise power relative to the
symbol energy. The model in (17) is the full-fledged near-field
model describing the true channel characteristics.

C. Problem Description

Our first main goal is to recover the UE position p from
the received signal y in (17). In an indoor scenario, the
2D location of the UE is our interest, hence, we simplify
the problem by assuming a known height of the UE, and
thus 77 = [Pp.2),%,8] € RMT? has M + 3 unknowns to
be estimated. However, estimating M + 3 real unknowns is
not feasible when T" < M + 3. To address this challenge,
we propose and develop a localization algorithm based on a
misspecified model that assumes a constant amplitude within a
single sub-ARIS, reducing the number of unknown parameters.
The effective size of sub-ARISs varies depending on the
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chosen partitioning strategy during estimation; it can range
from a segment of a single physical panel, which introduces
more unknowns and more accurate approximation, to mul-
tiple panels, which results in fewer unknowns and reduced
accuracy. Notably, this flexible segmentation does not require
modifications to the physical panels. Instead, it uses reasonable
virtual partitioning across the overall ARIS entity within the
estimation algorithm. This simplification introduces model
misspecification referring to the discrepancy between the true
(generative) model in (17) and the misspecified (assumed)
model involved in estimation, for which traditional tools such
as the Fisher information matrix (FIM) and CRB are no longer
suitable. Consequently, we use and derive expressions for the
MCRB [42] as a theoretical performance metric to quantify
the impact of this model misspecification on the estimation
accuracy and performance.!

Then, our second main goal is to optimize the codebook
F to estimate all unknowns under misspecification of the
model while enhancing the localization accuracy with prior
UE location. To achieve this, we formulate the codebook
optimization as a position error bound (PEB) minimization
problem, leveraging prior knowledge of the UE location to
design efficient F. Furthermore, we extend the codebook opti-
mization to account for uncertainties in the coarse UE location
information by considering a set of possible locations and
minimizing the worst-case PEB. This addresses the codebook
optimization problem for practical scenarios where only coarse
location information is available.

III. PROPOSED LOCALIZATION ALGORITHM AND
MCRB-BASED PERFORMANCE ANALYSIS

This section presents the proposed low-complexity local-
ization algorithm based on the MML framework using a
misspecified sub-region model. We also derive MCRB expres-
sions to characterize the fundamental performance limits under
the considered model misspecification.

A. Sub-Region Based Misspecified Model

As the true element-wise channel amplitude vector 3 cannot
be fully estimated in practice, the proposed approach assumes
or considers the whole ARIS structure to be composed of K
virtual sub-ARISs (M > K > 1) with the elements’ channel
gains within any individual sub-ARIS being mutually equal.
This assumption or approximation is motivated by far-field
RIS and large antenna array models, where equal amplitude
and varying phase are commonly assumed [44]. Although such
an assumption does not hold strictly in near-field propagation
[45], it becomes increasingly accurate when each sub-ARIS
spans a sufficiently small region where amplitude variations
are mild [32]. From the modeling perspective, a coarse
knowledge of the amplitude variation can be obtained through
electromagnetic simulations or calibration, allowing sub-ARIS

! As for the biased CRB, it is in general formulated for analyzing estimation
performance with a known bias and is thus not connected to any mismatch
between the assumed and true signal models [43, Sec. 4.2.2]. Hence, it is not
the most appropriate framework for our work, where the bias arises directly
from model misspecification.
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regions to be defined such that the intra-region amplitude
differences remain below a chosen limit. Furthermore, from
an estimation viewpoint, when the number of pilots 7' is
smaller than the total number of ARIS elements M, estimating
all individual amplitudes becomes infeasible, and grouping
them into K sub-ARIS regions provides a practical trade-off
between model accuracy and complexity. Further discussion
and aspects related to how to choose the value of K are
provided in Section III-E.

Now, for any given overall ARIS structure, we can define
the K unknown amplitudes as b = [by,...,bx] € RE..
Consequently, we have the element-wise channel gain vector
b, € RM which reads

b, =b® 1k, 19)

whose M /K entries of k-th sub-ARIS are equal to b. In
addition, without knowing the location of the scatterers, yt
in (18) is unknown to the receiver. Then, the misspecified
model from the receiver’s perspective becomes

y ~e/VF'(a(p) ©b,) +n, (20)

where we use p and 1 as the misspecified parameters instead
of P and ¢ that are the parameters of the true (regenerative)
model in (17). The related theoretical analysis tools in terms
of the MCRB for the estimated parameters under model
misspecification will be discussed in Section III-C.

By defining a joint function A(p) € CT*X incorporating
both the codebook F and the steering vector a(p), we can next
rewrite the misspecified model for a better representation of
the unknowns. This is expressed as

y = e’V A(p)b + 1, 1)

where

[AP)ire = FT oo, ga®(p),  (22)
[r, G+ 1 A ]
and a®) (p) = [a(p)][hl(k—1)+1_m] € CM/K is the steering
K K

vector of the k-th sub-ARIS, with M /K denoting the number
of elements in each sub-ARIS. When K = 1, the matrix
simplifies to A(p) = FTa(p), and b becomes a scalar, as
discussed, e.g., in [34].

B. Localization Algorithm

Building on the above models, and assuming that the
condition K + 3 < T holds, we can now derive and express
the associated maximum likelihood estimator, as

Li(ylb,p,¥) = |ly — /Y A(p)b||?, (23)

and L

b,ﬁﬂﬁ = arg min 51(Y|bvp»¢) (24)
b,p,y

This estimation problem involves a large number of param-
eters, including p, v, and b. Optimizing all parameters
simultaneously is computationally expensive, and it is difficult
to define a comprehensive and efficient search grid for b. Thus,
to effectively solve (24), we break the problem into lower-
dimensional sub-problems. Specifically, for a given location
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Algorithm 1 Proposed MML Estimator to Solve (24)
1: Initialize: Position grid P, number of virtual sub-ARISs
K

2: for Vp, € P do

3: é(pg) — (22)

4: %(pg) +— (28)

5: b(py) < (25) ,
6: d(pg) Hy - eW(pg)A(pg)b(pg)H
7: end for

8:

p « arg min ¢
p g min, (Py)

9: Compute B(f)) &(ﬁ)

p, we first derive the stationary conditions for b(p) and ¢ (p)
by taking the first-order derivatives of the loss function and
setting them to zero. This leads to the following expressions
of the form

b(p) = R{A(p)"A(p)} 'R{A(p)Te 7Py},
¥(p) = —arg(y" A(p)b(p)).

Substituting then (26) into (23) leads to a reduced loss function
of the form

(25)
(26)

Ly(¥;p) = |Iv — *Pw|?,

-1
where v =y — A(p) (R{A"(P)A(P)}) ~ A"(p)y/2 and
w = A(p) (R{A”(p)A(p)}) AT (p)y*/2. Minimizing
(27) with respect to ¢ yields a new closed-form estimate,
expressed as

27)

¢(p) = arg(w'v)/2. (28)

We then further substitute v/(p) back into (25) to obtain b(p) 2

The closed-form solutions to find ¢(p) and b(p) are based
on p, and thus a grid search over possible positions p, € P
is unavoidable. For each point on the grid P, we use (25),
and (28) to update 1(py) and b(py). The detailed steps
for the proposed overall estimator approach are outlined and
summarized in Algorithm 1.

C. MCRB Derivation

To quantify and assess the fundamental estimation error
bound of the proposed MML estimator with a model mis-
specification, we next derive the MCRB for the misspecified
model. Let us start with the true model in (17) regarding the
unknown parameter vector 7 = [ﬁ[m] ,1, B]. Then, we set the

noise-free component of y as 11(77) = ¢/VF T (80a(p))+yint,
and can express the probability density function (PDF) and
log-likelihood function (LLF) of the true observation as

1 _ly—em@i?®

plym) = v o, (29)

ly = n@I*

N (30)

log p(y[n) = —log (mNo) —

2Note that, since (27) is a function of 21, the effective estimation range
of 1) becomes [—7/2, 7 /2]. Values of ¢ out of this interval introduce a sign
ambiguity in the estimated b(p). This ambiguity can be resolved by enforcing
a non-negative representation of b(p), such as using its magnitude |b(p)|
and recomputing ¢ (p) accordingly.
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Similarly, the PDF and the LLF for misspecified parameters
7 can be expressed as

1 _ly—ami?
ﬂNoe No o, (31
ly — i(n)|]?
Ny ’

plyln) =

log p(y[n) = —log (mNo) — (32)
where fi(n) = ¢/YF T (a(p)®b,) is the noise-free component
of the misspecified model.

Now, to derive the MCRB associated with the model mis-
specification between (29) and (20), we firstly need to identify

the pseudo-true parameter vector
,;, = |:f)[1:2]7/(/)7 b:| € IRI(_‘_B7

and compute the MCRB of it. This vector is computed by
minimizing the Kullback-Leibler (KL) divergence between the
two models’ PDFs. Specifically, we express this as

(33)

1 = arg Irgn D(p(y)llp(yIn)), (34)
r(y)

where D(p(y)|lp(yln)) = [o p(y)log 7yl A Tepresents
the KL divergence between the true and misspecified models’

densities. As derived in [36, Appendix A], 7 is the pseudo-true
parameter vector leading to the minimal Euclidean distance
between two models in Equations (17) and (20). This can thus
be expressed as

i =argminy _ () — el (35)
t=1

The pseudo-true parameter 7) is estimated using the proposed

mismatched maximum likelihood approach with noise-free

signals. Since this step is part of the bound computation, we

can use the true value as the initial guess for the optimization.

Following this, the MCRB matrix [36], [42] corresponding
to 7 can now be computed as

c R(K+3)X(K+3). (36)

oy p-lp.p-1
MCRB(7n) = P;] B,,P;I
Here, the (4, j)-th elements of matrices P and By, are defined
as

2
Pal., =By { g tox Gy, b )
_ alog( p(y|n)) 0log (B(y[m))

After some algebraic manipulations, the compact forms of P
and By can be derived to read

_ 2 u0%i(n)

of(n)" dja(n) } ’
on; 877]' n=mn
(39)

= oo o)
],

where €(n) = p — fi(n) is the bias term reflecting the
difference between the two models.

(B

(40)
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For indoor scenarios, as already noted, we are primarily
interested in the UE’s 2D location. Thus, assuming a known
UE height, we extract the MCRBy;.5 1.09) corresponding to
2D coordinates, representing the MCRB of the pseudo-true
location p. In practice, MCRB; 5 ;.9 serves as a lower bound
for the covariance of any misspecified unbiased estimator
regarding the true parameter p [42]. The final expression for
the lower bound reads now

LB(7) = MCRB 1.2 1.2) + (Pp1.9) — P1:21) (P — Praz)) |-
(4D
The second term represents the covariance of the difference
between the pseudo-true location vector p and the true location
vector p. Thus, the error covariance of the MML estimator is
bounded by the MCRB, and the mean squared error (MSE) of
that estimator is bounded by the derived lower bound (LB).
Since MCRB and LB are expressed in squared meters, we
take their square roots to obtain theoretical references for
comparison with root mean squared error (RMSE) metric. The
key theoretical performance metrics are thus eventually

MPEB = \/Tr{MCRB[1;2,1:2]}» (42)
BPEB = /Tr{LB}, “3)
RPB = \/TT{(§[1:2] — b)) (Pg — P '} (44)

where misspecified position error bound (MPEB) and biased
position error bound (BPEB) represent the theoretical limit on
RMSE regarding the pseudo-true location p and true location
P, respectively. Moreover, the square root of the estimated
location bias is quantified by root of position bias (RPB). Then,

the expression in (41) can be rewritten or expressed as
BPEB? = MPEB? + RPB?. (45)

Finally, to evaluate the practical performance of the estimator,
we compute RMSE corresponding to p and p as

R
Z P — Piemp)?,

RMSE (prenp) = (46)

where Pemp € {P,P}-

D. Complexity Analysis

The computational complexity to solve the problem in (23)
depends on the number of position candidates in the grid,
denoted by P, and the assumed number of amplitudes, K. The
complexity related to every point is relative to O(M K2+ K3).
Taking into account P, we have thus the overall complexity
in the order of O(P(MK? + K?)).

E. Choosing the Value of K

In general, the value of K impacts the misspecified model
and consequently the estimator performance and the related
bounds, thus choosing the value of K is an important practical
aspect. As the optimum or well-performing value(s) of K
cannot be trivially known in advance, such must in general
be chosen based on reasonable physical assumptions and



SUN et al.: NEAR-FIELD RIS-AIDED LOCALIZATION UNDER DELIBERATE MODEL MISSPECIFICATION

reasoning related to the ARIS deployment scenario—perhaps
combined with some further engineering insight. In general,
we propose that the selection of K can be guided by prior
experimental or model-based knowledge of the spatial ampli-
tude variation across the ARIS elements together with the
required positioning accuracy. In practice, coarse information
about amplitude non-uniformity can be obtained either from
channel models or from offline calibration measurements.
Based on this knowledge, the ARIS can be partitioned into
virtual sub-regions such that the amplitude variations within
each sub-ARIS remain within a tolerable range (e.g., within
2—3dB). This provides a practical heuristic approach: one can
use model-based or measured amplitude datasets to determine
the largest contiguous regions that satisfy the 2 or 3dB
criterion and set K accordingly.

Alternatively, and importantly, we highlight that the derived
BPEB and position bias norm also offer a way to obtain insight
into the impact of K in any given environment or deployment
scenario. More specifically, one can compute the bounds for
the given scenario, for different values of K, and pursue
further with such a value that provides sufficiently low bounds
at practically meaningful (sufficiently high) transmit power
levels where the bounds and RMSEs are closely matching
(cf. the numerical results in Section V). Specifically, K can
be selected such that the norm of the position bias remains
below a threshold corresponding to the required localization
accuracy. Based on these two criteria, we can define the
following selection rules for K using the BPEB and the RPB,
expressed as

Kipgg = min{K € K : BPEB(K) < eppgs },
KﬁPB = mln{K ek: RPB(K) S ERPB}-

(47)
(48)

Here, IC denotes the set of candidate partition numbers (e.g.,
K ={1,2,..., Kmax}), while egpgp and egpp are user-defined
thresholds that specify the acceptable levels of biased position
error bound and position bias norm, respectively, according
to the desired localization accuracy (e.g., in centimeters or
meters). The obtained values Kjppp and Kgipp thus repre-
sent the criterion-wise optimal K selections, from which the
smaller one indicates the optimal K that satisfies both criteria.

IV. CODEBOOK DESIGN

In this section, we propose a codebook design method to
enhance localization performance by minimizing the PEB,
based on the misspecified model in (20). Since the opti-
mization process requires knowledge of the UE location, we
describe and formulate solutions for both perfect and imperfect
location knowledge situations.

A. FIM and PEB

To minimize the PEB, we firstly derive and express the
conventional FIM J (7)) with respect to i as

~\ H ~

2

p
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Since the UE’s 2D location is of our interest, the PEB can
then be expressed as

PEBy (F,n) = \/Tr([ng(n)}(Lzla)%

where PEB has explicit dependence on the codebook
matrix F.

(50)

B. PEB Minimization Based Codebook Design

Assuming prior knowledge of UE’s position, the PEB
optimization problem under a codebook’s power constraint can
be formulated as

mbin PEBk(F,n)

s.t. Tr(FFP) < MT, (51)

where MT is the upper bound of power constraint for the
ARIS codebook.

By defining the codebook’s covariance matrix as X =
FF, we can find that the FIM’s elements in (50) are linear
functions of X. Consequently, PEB is a convex function of X.
Following the Trace-Opt criterion in [46, Chapter 7.5.2], the
optimization problem in (51) can be reformulated as a semi-
definite programming (SDP) problem or task focusing on 2D
locations as

min 1Tu
X,u
s.t. {JK(") eg} =0, g=1,2,
€ Uy
X >0,

Tr(X) < MT, (52)

where u = [u, ug] is the auxiliary variable vector correspond-
ing to the 2D coordinates = and y. Here, e, represents the g-th
column of a (K + 3) x (K + 3) identity matrix.

Proposition 1: The optimal covariance matrix of the code-
book can be represented as
X* = UAUX. (53)
The structure of U and the size of A are determined by the
number of sub-ARIS segments K, as described below:

e For K = 1: The amplitudes over ARIS elements are
assumed to be identical. The beamforming basis and
the corresponding positive definite weighting matrix are
given by U = [a(p), 4,(p),a,(p)]* € CM*3 and A €
C3*3, respectively. Here, &, (p) and &, (p) denote deriva-
tive beams that create spatial nulls directed toward
location p, thereby enhancing localization and detection
capabilities [34], [47].

e For K > 1: When K distinct amplitudes are assumed
across K virtual sub-ARISs, the beamforming basis is
defined as

U = [a(p), 4,(p), 4y(p),

A0 (p), 400 (p), ..., 40 (p), &SI, (54
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where U € CM*(2K+3) and A € CKE+3)x(2K+3) Each
beam ") (p) and éék) (p) have entries of k-th sub-ARIS,
defined as

Al (p)}[%(k—l)-}-l:%k] = [éw<p>][%(k—1)+1:%k]a
(55)

[é‘.v(;k) (p)}[%(k—l)—kl:%k] = [éy(p)][%(k—l)+lz%k}7
(56)

with all other entries set to zero.

Proof: See [48, Appendix C] for a detailed derivation of
the optimal covariance matrix structure. The formulation in
(53) enables the reduction of optimization on the complete
covariance matrix X to the design of a positive semi-definite
matrix A under a fixed beamforming basis U. In the case
of K > 1, this construction supports the estimation of K
unknowns in b. The inclusion of the derivative beams &% (p)
and &%(p) ensures Rank{A(p)} = K, enabling accurate
localization across sub-ARIS segments. |

Proposition 2: With a scaled orthogonalized basis U such
that UYU = MT, the optimization problem can be simplified
as

miLIll 1Tu
s.t. Fiy)$}>m g=1,2,
A >0,
A =diag(A), A >0,
Tr(A) =T. 57)

Proof: See Appendix, for the derivation showing that
increasing Tr(X) leads to a lower PEB. Under the maximum
transmit power constraint M7, we orthogonalize U via the
Gram-Schmidt process and normalize such that UF U = MT.
This allows us to reformulate the original matrix optimization
as a simplified problem over the diagonal matrix A in (57).
The matrix U represents the ARIS beamforming configura-
tions, and the entries of A € R3 for K = 1, or A € R2K+3
for K > 1, can be interpreted as the number of pilots allocated
to each corresponding beamforming basis [34], [47]. |

By following these two propositions, we reduce the original
optimization problem from a high-dimensional covariance
matrix X to a low-dimensional diagonal weighting matrix A.
Also, it links the A with the pilot number 7.

C. Practical Beam Projection

The scaled orthogonal beam matrix U may contain ele-
ments whose power exceeds the unit amplitude constraint, i.e.,
I[Uli,51 > 1, 3(4,7). This violates element-wise amplitude
limitations imposed by practical ARIS coefficients. There-
fore, the beam coefficients in U must be projected onto a
feasible set. The resulting projected matrix is denoted by
W = [wy,wy,...,wp] € CMXDP where D = 3 when
K =1,and D = 2K + 3 when K > 1. Each column
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Algorithm 2 Practical Beam Projection via constrain, then
optimize Approach
1: Initialize: U

for j=1to D do

w; + (53)
end for
W = [W]A,WQ7 .. ~7WD]
Replace U with W in (53)
A« (57)

A ol

w; is obtained by solving the following convex optimization
problem of the form
H‘:’ln ||[U}[1T,j] _wj||27 vj = 1727"'7-D7

st w,| <1 (58)

Since the ARIS amplitude constraint |w;| < 1 forms a convex
set, the overall problem remains convex. Standard convex
solvers, such as CVX [49], can be used to compute the optimal
beam set W. Following the “constrain, then optimize” strategy
from [34], the projected beam vectors W are used in place of U
in the simplified problem (57) to solve the optimal weighting
matrix A. The detailed procedure is described in Algorithm 2.

Here, A indicates weightings of W over T pilots, and
the number is practically an integer. Hence, we round the
diagonal entries of A to the nearest integer to define the beam
appearance duration. It should be noted that each beam in W
must have at least one pilot to prevent an infinite PEB.

D. Codebook Design With Imperfect Knowledge

The above optimization steps rely on the perfect knowledge
of n, which is not necessarily practical. However, p and v can
be reasonably approximated using the latest estimated result,
e.g., when the UE is tracked by the system. Moreover, b can
be gained by computing the amplitudes corresponding to the
centers of sub-ARISs [32], [34]. Assuming the UE is static
during a short observation period, the previous estimation
output can be used to optimize the codebook for the next
estimation stage. Practically, the coarse estimation introduces
the uncertainty region I/ in the codebook design, and we can
generate beams for S potential UE locations which are evenly
spaced in the uncertain region and minimize the worst-case
PEB through solving (59), conceptually similar to [47]. For
{n,}5=4, we can generate beams U(#),) and projected beams
W (#,) by solving (58). Then, following the “constrain, then
optimize” steps to compute the weightings, the optimization
problem corresponding to S points can be stated as

min lTus
Ag,ug
st FKWJ‘@}>Q g=1,2, s=0,1,...,85,
€y Ugs
As; =0,
A, = diag(Ay),
Tr(A;) =T. (59)

The above optimization is solved separately for each candidate
parameter vector 7},, resulting in S independent subproblems
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Fig. 2. Top view illustration of the numerical evaluation scenario. Scatterers
are marked as black triangles, while green and red markers indicate the
locations of the BS and the UE, respectively. The UE position is varied during
the evaluations, whereas the locations of the BS, scatterers, and ARIS panels
remain fixed unless otherwise noted in text.

in total. Although the optimizations are performed indepen-
dently, they are linked through a common design goal: to
ensure robust codebook performance across the entire uncer-
tainty region Y. In practice, one can adopt strategies such as
minimizing the worst-case PEB among all s.

E. Complexity of the Codebook Optimization

We solved the problems in (57), (58) and (59) using conven-
tional convex solvers like CVX [49], which typically employ
interior-point methods. Computing A and A is independent
of M and the beam projection for each instance of the problem
scales as O(M?) [50]. Since we have D independent beams
per point, where D depends on K, the total complexity order
for S points is O(3SM3) when K = 1 and O((2K +3)SM?3)
when K > 1.

V. NUMERICAL RESULTS

A. Geometry and Deployment Setup

We consider an example scenario of multiple strip-like
ARIS panels equipped on both sides of the walls to form a
large ARIS, as shown in Fig. 2. In general, it is sufficient that
the ARIS is large only in one dimension with strip-like ARIS
allowing for simpler deployments along the room’s perimeter
[32], while the objective is to estimate the 2D location of the
UE. Specifically, each wall has three 1-meter-long physical
ARIS panels with 4m spacing. Every panel has 188 evenly
deployed elements with half-wavelength spacing. Similarly,
the other three panels along the y-axis have the same geometry.
The locations of the UE and the BS are p = [6, 2, 1.8] m
and pgs = [5, 5, 2] m, respectively, as shown in Fig. 2. To
evaluate the performance for different user positions, we vary
the 2D coordinates [Z,g] of the UE while keeping the height
7 fixed at 1.8 m. Hence, we only refer to 2D coordinates from
now on. The geometry of the BS, the scatterers, and ARIS
panels remains unchanged throughout the evaluations unless
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otherwise noted. The codebook F contains 7' configurations.
Carrier frequency is 28 GHz and the bandwidth W is 120 kHz.

Since thermal noise power is bandwidth-dependent, a nar-
rowband configuration leads to a relatively low noise power
at the receiver. As a result, the transmit power levels used in
our evaluations are also modest. Moreover, as the signal-to-
noise ratio (SNR) depends on the ARIS configuration through
the codebook F, we use and vary systematically the transmit
power P, ensuring consistency across different evaluation
cases.

B. Performance Evaluation With Full-Rank Random
Codebook

This subsection evaluates the estimation performance using
a full-rank random codebook F while varying the transmission
power P, from —20dBm to 20dBm for a fixed T = 64.
This transmit power range is selected to show the meaningful
accuracy and convergence of BPEB’s value in one figure.
To evaluate the estimation performance without the impact
of the ARIS reflection coefficient’s magnitude, we consider
an ideal scenario in this subsection where all impinging
signals are fully reflected by the ARIS, i.e., |wm | = 1 with
random phases. This condition is enforced by the constraint
Tr(FFH) = MT.

The RMSE and PEB curves over 300 Monte Carlo realiza-
tions for the proposed estimator with K € {2,6} are shown
in Fig. 3. The RMSE(p) and RMSE(pP) curves indicate the
estimation results regarding the pseudo-true location p and
ground truth location P, respectively. For P, < —5 dBm, a
noticeable power threshold effect occurs, while the RMSE(p)
and RMSE(p) curves for K = 2 are closely aligned as
the RPB is significantly smaller than those values. Similarly,
MPEB and BPEB are close to each other when the transmit
power is low. As the transmit power increases, the RMSE(p)
curve approaches BPEB, while RMSE(p) aligns with MPEB.
According to (45), we know that BPEB? = MPEB? + RPBZ.
Thus, when MPEB is small enough, the convergence of BPEB
closely approaches RPB, which represents the bias caused
by the mismatch between the true and misspecified models.
Increasing the number of sub-ARISs to K = 6 reduces this
mismatch, as evidenced by the reduction in RPB and the
convergence of RMSE(p) shown in Fig. 3(b).

Moreover, the estimated amplitude behavior shown in Fig. 4
indicates that the estimated amplitudes for K = 6 align
better with the ground truth compared to K = 2. However,
increasing K introduces more unknowns and increases the
variance of individual parameter estimates, as discussed in [51,
Sec. 3.7]. Thus, there exists an optimal K under a given trans-
mit power. To analyze the impact of K on the performance,
we plot the averaged BPEB curves over 50 realizations of
random codebooks in Fig. 5 for two locations. We consider five
candidates {1,2,6,12,24} for the assumed K. The random
codebook also contains 7' = 64 independent configurations,
and they naturally ensure Rank{A(p)} = K, enabling the
estimation of K amplitudes when K < T'. Consequently, the
same codebook can be used to evaluate the performance for all
cases of K. By fixing P, = 0 dBm, we observe that the model
misspecification decreases with increasing K, as reflected in
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Fig. 3. Performance evaluation using random codebook. Assumed parameters:
[Z,y] = [6,2]m; T = 64. The curves shown in the legend correspond to:
1) RMSEs: empirical root-mean-square error of the location estimates, defined
in (46). 2) MPEB: misspecified position error bound, defined in (42). 3) BPEB:
biased position error bound, defined in (43). 4) RPB: root of position bias,
defined in (44).
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Fig. 4. True element-wise channel amplitudes and estimated channel ampli-
tudes b, for M = 1128 elements, assuming K sub-ARISs. Assumed
parameters: [Z,7y] = [6,2]m; T = 64; P, = 0dBm; K € {2,6}.

the RPB curves, whereas the BPEB curves show a trend where
increasing K initially improves the bound. However, beyond
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Fig. 5. Average localization BPEB versus K for two different target locations
over 50 realizations. Assumed parameters: [Z,y] = [6,2]m and [1,4]m;
T =64; P, = 0dBm.

an optimal point, found at K = 6 for the example location
of [6,2]m, further increasing the value of K degrades the
performance. For another location of [1,4]m, the minimal
BPEB is achieved at K = 24; however, the curve remains
relatively flat beyond K = 6, due to the increasing number of
unknowns.

In general, although an optimal K exists for a given
scenario, it cannot be known exactly a priori due to the
unknown mismatch between the true amplitude profile and
the assumed piecewise-constant model. However, as discussed
in Section III-E, practical guidelines can be used to select a
near-optimal K: for instance, by partitioning the ARIS into
regions with limited amplitude variation (e.g., within 2—3 dB)
based on offline measurements or electromagnetic models, or
by evaluating approximate BPEB and residual position bias
thresholds using the coarse location estimate p and prior
model knowledge.

C. Performance Evaluation With Perfect Location Knowledge

We next evaluate the estimation performance using the
proposed codebook by varying the transmission power P
from —40dBm to 0dBm with T" = 64. Compared to the
previous section, where a random codebook was used, the
proposed codebook provides improved performance. Note that,
the optimized beam basis obtained from (58) satisfies an
element-wise power constraint of at most one. Consequently,
the total power constraint for the proposed codebook becomes
Tr(FFH) < MT. To ensure that the RMSE results remain
within a meaningful range, we thus adjusted the transmit
power range accordingly, compared to the previous subsec-
tion. The results are presented in Fig. 6 for three values of
K € {2,6,12}. For K = 2, RMSE(P) shows a slight decrease
and converges to the BPEB, which is relatively large. The
reason is that the proposed codebook with K = 2 has only 7
independent beam configurations—fewer than 7" = 64 indepen-
dent configurations of the random codebook-leading thus to
increased model misspecification and a larger estimation bias.

Increasing the value of K from 2 to 6 adds diversity to
the codebook, reducing estimation bias. For both K = 6 and
K = 12, the curves of RMSE(p) and RMSE(P) closely align,
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Fig. 6. Performance evaluation using the proposed codebook. Assumed

parameters: [Z,7] = [6,2]m; T = 64; K € {2,6,12}.

indicating low RPB. Comparing Fig. 3 for the cases of K =6
and K = 12, we can find that the proposed codebook in two
cases achieves centimeter-level accuracy at P, = —30dBm.
Furthermore, one can clearly observe that using the proposed
codebook profoundly enhances the performance with lower
RMSE and lower bounds.

In general, increasing the value of K reduces model mis-
specification but also increases parameter variance and alters
the structure of the codebook. These three factors jointly
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affect the localization accuracy. For better visualization, we
plot the heat maps of RMSE(p) for three values of K in
Fig. 7, where the UE location p varies in a 9m X 9m
square region with a step size of 0.5m. These heat maps
show that increasing K from 2 to 6 leads to a significant
performance improvement. Further increasing K to 12 under
the same transmit power causes a slight performance reduction
for most locations. This shows that increasing K does not
always lead to better estimation accuracy in the proposed
codebook design. However, determining the optimal K before
generating the codebook and performing the estimation is not
possible without knowing the true model. Overall, the results
show really promising performance when assuming constant
amplitudes over 1-meter sub-ARIS (K = 6) or 0.5-meter sub-
ARIS (K = 12) in the considered deployment scenario.

D. Performance With Randomly Drawn Scatterer Locations

Continuing the evaluation of the proposed codebook under
perfect UE location knowledge, we next more thoroughly
evaluate the impact of scattering-induced multipath on the
proposed localization framework. Since the scattering-induced
signal yN exists in our evaluations and may also arise in prac-
tice, we assess the robustness of the localization performance
under varying scattering conditions over 100 independent
random realizations for the scatterer locations, drawn from
an applicable uniform distribution, while keeping the UE, BS,
and ARIS positions the same as in the geometric configuration
shown in Fig. 2.

The resulting median RMSE across these realizations,
together with corresponding 5th-95th percentiles, are illus-
trated in Fig. 8 and Fig. 9, respectively. In Fig. 8, the RMSE
variations across different scatterer locations are shown for
the proposed estimator and the related theoretical bounds as
functions of the transmit power P;. There, the curves indicate
the median RMSE values, whereas the shaded areas highlight
the 5th-95th percentile regions. As the two RMSE curves are
closely aligned at low P, values, which is as such consistent
with all other cases, the corresponding shaded regions overlap.
As discussed in Section V-B, the convergence of BPEB and
RMSE(p) aligns with RPB. Then, we can observe that the
scatterer-induced RPB variation is more clearly reflected in
the shaded region, which represents the 5th-95th percentile
ranges of the BPEB and RMSE(P), when P, > —20dBm.
To provide a more clear view of the related variations with the
overlapping percentile regions, the results are also illustrated
with error bars in Fig. 9 for four separate example values
of the transmit power P;. These results demonstrate that the
performance variations across different scatterer deployments
are still relatively small, thus indicating robust and meaning-
ful localization performance of the proposed method under
various scattering conditions.

E. Performance Under Strong Amplitude Variations Near
Walls

In practical indoor deployments, a UE very close to a wall
may experience stronger amplitude variations across the ARIS
elements, especially within the nearest sub-ARIS region. This
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Fig. 8. Median RMSE and corresponding 5th-95th percentile regions across
100 randomly drawn scatterer location realizations as functions of the transmit

power P;. Assumed parameters: [Z,y] = [6,2] m; T = 64; K = 6.
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Fig. 9. Median RMSE and corresponding 5th-95th percentile ranges across
100 randomly drawn scatterer location realizations, evaluated at selected trans-
mit power levels of P, € {—35, —25, —15, —5} dBm. Assumed parameters:
Z,y] =16,2]m; T = 64; K = 6.

effect is more pronounced when the ARIS is partitioned into
a fixed number of virtual sub-ARISs, such as K = 6. To

Fig. 10. Illustration of true element-wise channel amplitudes in dB scale for
two different UE locations noted in the legend. We can observe more notable
variations within an individual sub-ARIS when the UE is located close to the
wall (close to one of the physical ARIS panels).

examine and also illustrate this, we consider a rather extreme
case where the UE is at [Z,g] = [6,0.1] m, placing it really
close to the physical ARIS2 panel. As shown in Fig. 10, the
resulting element-wise channel amplitudes show noticeably
stronger variation compared to the reference UE location.
However, the variations even within the second sub-ARIS
panel (element indices 189-376) are still within 3 dB or so,
as can be observed through the figure.

Further to the above, Fig. 11 illustrates the UE localiza-
tion performance achieved using the proposed and random
codebooks, respectively, in this extreme scenario. The pro-
posed design uses the perfect UE location information in
the codebook optimization. The results demonstrate that both
codebooks provide accurate localization; however, the random
codebook requires higher transmit power to reach compara-
ble accuracy to the proposed design. Overall, these results
highlight the high localization accuracy through the proposed
approach, even in such an extreme scenario.

F. Location Uncertainty Evaluation

1) Impact of Location Uncertainty on the Proposed Code-
book Approach: Since ARIS codebook optimization relies on
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Fig. 11. Performance evaluation using proposed and random codebooks when

the UE is located close to the wall. Assumed parameters: [Z, 7] = [6,0.1] m;
T =64; K =6.
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Fig. 12. Performance evaluation using the proposed codebook under prior
location uncertainty. Assumed parameters: [Z,y] = [6,2]m; T = 64; P; €
{—20,—-10} dBm; K = 6.

prior location information, this section first evaluates the effect
of location uncertainty on the achievable performance when
using beams focusing on the prior location. We assume that the
known coarse prior location is given by p = p+[Az, Ay, 0] €
R3, where Az and Ay represent the 2D localization bias
due to uncertainty. The covariance matrix of the bias is given
by Cov([Az, Ay]T[Az, Ay]) = 02,1 € R**?, following the
definition in [52]. The codebook F is generated by solving
the optimization problem in (57), using p as the UE location.
Figure 12 presents the averaged RMSE and BPEB curves
over 50 Monte Carlo trials for P, = —20dBm and P, =
—10dBm. The x-axis shows the location uncertainty, ranging
from 0.01m to 0.4m, while the y-axis represents RMSE in
meters, ranging from 10~*m to 0.6 m. Both axes are plotted
on a logarithmic scale. As oy increases, the beams in W
steered toward the prior location p differ from ground truth p.
These misaligned beams cause some observable performance
degradation. For example, we can see the RMSE curve of
P, = —20dBm shifting from the earlier sub-millimeter-level
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Fig. 13. Example illustration of the beam steering points for the benchmark,
spatially-focused, and proposed codebooks. The center location varies with
the random seed used for coarse location generation. Assumed parameters:
Z,y] = [6,2]m, T = 750, and K = 6.

to decimeter-level accuracy as the uncertainty grows. Besides
the increase in the RMSE values with increasing oy, the
gap between the RMSEs and the corresponding BPEBs also
increases, which results from SNR degradation due to beam
misalignment. Moreover, the model misspecification increases
with increasing uncertainty, as is evident from the RPB curve.

2) Performance Evaluation and Benchmark Comparisons
Using Multi-Point Beams: After analyzing the impact of
location uncertainty when the beams focus on a single point,
we next evaluate the estimation performance using a codebook
optimized from (59), which steers beams toward multiple
candidate locations to mitigate imperfect prior knowledge.
Specifically, we generate S = 25 candidate points on a 5 x 5
grid centered at the coarse prior location p = [Z,7,2]", with
spacing dgrg = 0.1m, expressed as

PProp = {f)nw,ny =p+ [nwdgrid7 nydgrid; O]T

| na,ny € {—2,-1,0,1,2}}.  (60)

Each candidate point is then indexed as ps, s = 1,...,25,
by a fixed mapping between s and the pairs (n,n,). The
coarse location p is assumed to have a localization error
with standard deviation op; = 0.3m, which reflects typical
errors from a low-resolution prior estimation step. The set
Prrop is then used to design both the proposed codebook
and the so-called spatially-focused codebook, ensuring a fair
comparison under equal total transmit power and an equal
number of pilot symbols. Solving (59) under this setup yields
the proposed codebook for the case with imperfect location
knowledge. In contrast, the spatially-focused codebook forms
each beam by co-phasing all ARIS elements toward one
candidate point pg, thereby concentrating the reflected signal
energy at that location [53]. The resulting 25 steering points
are illustrated by the black markers in Fig. 13. Due to the
sparsely generated beams for 25 potential points, the resulting
spatially-focused codebook achieves a rank higher than the
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25; K = 6.

number of unknowns, which enables reliable estimation of the
K = 6 amplitude parameters of the ARIS. Moreover, in these
evaluations, each candidate point is allocated 30 pilot symbols,
resulting in a total of 7" = 750 for both the proposed and the
spatially-focused codebooks.

For further comparison, we also evaluate the random code-
book [32] and the benchmark codebook from [54] under the
same transmit power and pilot limits. The random codebook
requires no knowledge of the UE location; it is constructed
by setting |wy, ] = 1 with independently randomized phases
across all ARIS elements and time slots, as defined in
Section V-B. In contrast, the benchmark codebook relies on the
coarse UE location p. Following the methodology in [54], we
first generate a dense set of candidate focusing points using the
polar-domain sampling procedure described in Algorithm 1,
with parameters Ny = 1128 and gy = 1.6. Each sampled
angle-distance pair is converted into a Cartesian coordinate,
yielding the set Py = {pBM,g}fi”’l', where Sgm denotes the
total number of benchmark points. Given the coarse prior
location p, we compute the distance d; = ||ppm,¢ — P|| for
each point and sort them in ascending order. The 7' closest
benchmark points are then selected as

p?M = PBM,(t)> t= ]-7 . '7T7 (61)

where pgy,(;) denotes the ¢-th closest point to p. Spatially-
focused beam patterns are then formed toward these selected
points, as in [54], with the steering locations shown as red
markers in Fig. 13.

The corresponding simulation results are shown in
Figure 14, which presents the RMSE and BPEB for the ran-
dom, proposed, spatially-focused, and benchmark codebooks.
The true 2D UE location is fixed at [Z, 3] = [6, 2] m. Since the
generation of the proposed, spatially-focused, and benchmark
codebooks depends on the coarse location estimate p, their
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performance is averaged over 50 Monte Carlo trials on p to
mitigate the effect of outliers.

The obtained RMSE and BPEB results demonstrate that
across the transmit power range of P, € [—35,—5]dBm,
the proposed codebook consistently outperforms the spatially-
focused, benchmark, and random codebooks, confirming the
effectiveness of the proposed design. At lower transmit powers
(P; € [—40,—-20] dBm), the benchmark codebook performs
slightly worse than the spatially-focused one, as also reflected
by the corresponding BPEB results. When the transmit power
increases to P, € [—15,0]dBm range, both the proposed
and the spatially-focused codebooks approach their respective
bounds. Although the benchmark codebook benefits from
more versatile beam patterns and thus achieves slightly lower
BPEB than the spatially-focused design, its overall perfor-
mance remains worse compared to the proposed approach.
For instance, at P, = —30dBm, the proposed codebook
achieves sub-millimeter RMSE accuracy, whereas the ran-
dom codebook only reaches sub-meter accuracy, with the
spatially-focused and benchmark codebooks achieving inter-
mediate performance. As the transmit power further increases
(P; = —10 to 0dBm), the performance gap between the
RMSEs and the PEBs narrows down. In this higher-power
regime, we observe a slight performance reversal: the full-
rank random codebook surpasses the proposed design due to
(1) increased RPB for the proposed codebook under larger
prior-location uncertainty, leading to beam misalignment, and
(ii) the random codebook’s full-rank property (Rank(F) = T'),
which enhances robustness.

In general, we note that the performance of the proposed
codebook approach is dependent on the accuracy of the coarse
location prior. Under large location uncertainty, the beams
optimized for the inaccurate UE position become misaligned
with the true location. This misalignment degrades the perfor-
mance of BPEB and RPB. The rise in RPB limits performance
convergence; hence, we observe that the random codebook
eventually outperforms the designed codebook at the highest
transmit powers. However, and importantly, we also wish to
note that the proposed codebook approach largely outperforms
the random codebook reference method for a wide range of
TX powers that correspond to meaningful received SNRs.

VI. CONCLUSION

This work investigated the adoption and optimization of
absorptive RIS panels for near-field UE localization under
channel spatial non-stationarity and model misspecification. To
manage the complexity arising from estimating the element-
wise channel amplitudes, we introduced a virtual sub-region
or sub-ARIS based misspecified model that significantly
reduces the number of unknown parameters compared to
full-fledged near-field models that incorporate channel SNS
across all elements, thereby simplifying the estimation task.
Building on this, we developed a low-complexity MML
estimator with closed-form solutions for acquiring estimates
of position, phase, and amplitudes. We further provided a
theoretical performance analysis framework using the MCRB
approach, quantifying the performance degradation due to
model misspecification, while also allowing to propose and
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establish practical sub-ARIS selection rules based on BPEB
and RPB thresholds. A vast set of empirical numerical results
demonstrated that the proposed reduced-complexity localiza-
tion algorithm approaches the theoretical performance bounds.

Moreover, we proposed a codebook optimization framework
based on the developed models to further enhance the local-
ization accuracy. The provided empirical results validated the
efficiency of the proposed codebook optimization algorithm,
demonstrating near-bound performance even with low trans-
mit powers and meaningful robustness against the multipath
impacts. While the proposed codebook optimization approach
was generally shown to outperform all three reference code-
books, minor mutual performance deviations were observed
under extreme conditions, when the pilot number, transmit
power, and location uncertainty are all high, where the full-
rank random codebook can outperform the proposed one,
highlighting a potential robustness issue under severe prior
uncertainties.

In general, hardware imperfections related effects—including
mutual coupling, energy leakage, amplitude/phase quantiza-
tion, and frequency-dependent responses—can also be viewed
as sources of model misspecification, and are therefore natural
extensions of the present framework. Our future work will
build on these findings by addressing such hardware-induced
mismatches while also incorporating Doppler effects in mobile
scenarios, as well as exploring wideband multicarrier systems
and their associated near-field signal structures.

APPENDIX
RELATIONSHIP BETWEEN PEB AND Tr(X)

To prove the relationship between PEB and Tr(X), we sup-
pose an initial covariance matrix X, satisfying Tr(X) < MT.
Then we scale the covariance matrix as follows

X(a) =aXy, «a>0. (62)
Consequently, the scaled covariance trace becomes
Tr(X(a)) = aTr(Xo), (63)
which leads directly to a linear scaling of the FIM as
Jx(n, X(a)) = aJk(n, Xo). (64)
Thus, the PEB scales explicitly as
PEB(X(a))= \/;Tr (%' (m, Xo)12,1:2) = %PEB(XO)-
(65)

Clearly, we can find that a larger Tr(X) leads to a lower PEB.
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