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Abstract— This paper proposes a novel localization algorithm
using the reconfigurable intelligent surface (RIS) received signal,
i.e., RIS information. Compared with BS received signal, i.e.,
BS information, RIS information offers higher dimension and
richer feature set, thereby providing an enhanced capacity to
distinguish positions of the mobile users (MUs). Additionally,
we address a practical scenario where RIS contains some
unknown (number and places) faulty elements that cannot
receive signals. Initially, we employ transfer learning to design
a two-phase transfer learning (TPTL) algorithm, designed for
accurate detection of faulty elements. Then our objective is
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to regain the information lost from the faulty elements and
reconstruct the complete high-dimensional RIS information for
localization. To this end, we propose a transfer-enhanced dual-
stage (TEDS) algorithm. In Stage I, we integrate the CNN
and variational autoencoder (VAE) to obtain the RIS informa-
tion, which in Stage II, is input to the transferred DenseNet
121 to estimate the location of the MU. To gain more insight,
we propose an alternative algorithm named transfer-enhanced
direct fingerprint (TEDF) algorithm which only requires the
BS information. The comparison between TEDS and TEDF
reveals the effectiveness of faulty element detection and the
benefits of utilizing the high-dimensional RIS information for
localization. Besides, our empirical results demonstrate that the
performance of the localization algorithm is dominated by the
high-dimensional RIS information and is robust to unoptimized
phase shifts and signal-to-noise ratio (SNR).

Index Terms— Reconfigurable intelligent surface (RIS), local-
ization, faulty elements.

I. INTRODUCTION

HE upcoming introduction of sixth generation (6G) Inter-

net of Things (IoT) wireless networks marks a pivotal
moment in our technological journey [1], [2], [3]. Enhanced
localization accuracy becomes central in this new era [4].
The heightened demand for accuracy challenges us to not
only innovate but to fundamentally rethink our approach to
localization [5], [6], [7], [8]. Recently, reconfigurable intel-
ligent surfaces (RIS) [9], [10], [11], [12], [13] have been
introduced as a revolutionary technology to enhance the local-
ization accuracy [14], [15], [16] with several advantages. First,
RIS offers a cost-effective and energy-efficient alternative to
traditional base stations (BS) for maintaining consistent con-
nectivity, especially in challenging environments. Additionally,
their slim and adaptable design easily deploys in the urban
structures, making them ideal for 6G networks.

RIS-aided localization algorithms can be categorized into
two main types: two-step method [17], [18] and fingerprint-
based method [19]. The two-step method estimates parameters
like angle of arrival (AoA) and time of arrival (ToA) to
deduce the location by exploiting geometric relationships [20],
[21], [22], [23]. The fingerprint-based method [24], [25],
on the other hand, relies on a database of pre-recorded signal
characteristics, such as received signal strength (RSS), and
compares real-time signals to the database for pinpointing a
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location. Building upon these two methods, algorithm design
for RIS-aided localization has been widely investigated, focus-
ing on various applications and different perspective, such as
multi-user [26], multi-RIS [27] near-field [28], [29], [30], [31],
[32], [33], [34], [35], hardware impairment [36], [37], [38],
and sidelink [18].

While the RIS-aided localization algorithm has been well-
studied, however, the passive nature of the RIS has led to the
design of these algorithms primarily based on the received
signal at the BS, i.e., BS information [2]. However, due
to the high cost and power consumption of radio-frequency
chains may result in a limited number of antennas at the BS
and therefore the dimension of received signal at the BS is
low. This limitation could hinder the capacity to distinguish
locations. Fortunately, an important but widely ignored fact
is that the received signal at the RIS, i.e., RIS information,
actually contains much richer feature information about the
user location than the BS signal which can be exploited
to realize higher localization accuracy. This is because the
RIS is commonly comprised of a large number of reflecting
elements and therefore the dimension of its received signal
could be high enough, storing sufficient feature information,
e.g., AoAs and ToAs [19], related to user locations. By exploit-
ing this high-dimensional RIS information, we can open a
new algorithm design degree-of-freedom (DoF) for RIS-aided
localization.

While we recognize the significant potential, the localization
design based on RIS information is indeed a highly chal-
lenging task [10]. This challenge arises from the complexity
of reconstructing high-dimensional RIS information. On the
one hand, the passive nature of RIS poses a challenge in
actively acquiring the signals received at the RIS. On the other
hand, when employing the low-dimensional BS information to
obtain the high-dimensional RIS information, the result is not
unique. This is because the same BS information corresponds
to multiple distinct RIS information. The uncertainty in the
signal reconstruction process requires innovative algorithms
to accurately capture the RIS information.

Let us consider a more general scenario where some of
the RIS elements may have been damaged (refer to as faulty
elements in this paper) due to the environments conditions
[36], [37], [38]. In such case, localization algorithms designed
under the assumption of a perfect RIS without faulty elements
will no longer be reliable and may result in low localization
accuracy. Furthermore, the RIS faulty elements can reduce the
dimension of the RIS received signal, leading to the local-
ization information lost. This, in turn, significantly degrades
the performance of the localization algorithm based on RIS
information.

To mitigate the harmful impact of the faulty elements
and regain the lost localization accuracy, it is crucial to
first identify the faulty elements. Detecting faulty elements
is equivalent to determining the status of each element of
the RIS, classifying them as either faulty or non-faulty. This
task, when applied to all elements of the RIS, becomes
a multi-label binary classification problem. However, due
to the passive nature of the RISs, conventional faulty
detection algorithms designed for antenna are not capable
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of determining the number and the places of the faulty
elements.

Given the presence of the faulty elements, the localiza-
tion algorithm design based on the RIS information remains
unexplored. To the best of the authors’ knowledge, only
[39] has addressed the scenario in which the RIS contains
faulty elements. However, the authors of [39] designed the
corresponding localization algorithm based on the BS infor-
mation. Besides, this work maximized the estimation accuracy
by assuming the fault of each element follows a specific
distribution model. However, in practice, the faults of the
RIS elements may not follow a specific fault distribution.
Furthermore, knowledge of a specific distribution is difficult
to acquire by the network manager, and its estimation may
require a significant number of pilot signals.

Besides, it is worth noting that this challenge is difficult
to address using the traditional optimization methods. Deep
learning (DL)-aided algorithms have emerged as a promis-
ing approach [40], [41], [42], [43], [44]. DL algorithms
are widely applied in wireless communication positioning
due to their ability to model complex signal propagation
in challenging environments [25], and their capacity for
strong nonlinear mapping, which translates observed signal
characteristics into precise location coordinates [45]. How-
ever, the considered challenge remains non-trivial even when
resorting to the powerful DL tools. First, since the RIS is
commonly comprised of a large number of elements, the
detection of faulty elements across the RIS is very challenging
with existing DL algorithms, leading to the research gap
of employing DL tools for faulty RIS elements detection.
Second, a specific neural network (NN) has to be designed
for reconstructing a complete high-dimensional signal. Third,
the existing DL-aided localization algorithms require extensive
training epochs and large datasets to ensure accurate esti-
mation, making their deployment in dynamic environments
unfeasible.

To address this challenge, we propose an effective localiza-
tion algorithm based on the RIS information in the presence
of faulty elements. To address the detrimental effects of faulty
elements, we are the first to harness transfer learning in
devising an algorithm specifically aimed at detecting faulty
elements within the RIS. Then, to reconstruct the complete
high-dimensional RIS information, we initially recover the
signal received by the non-faulty elements and subsequently
restore the lost information from these identified faulty ele-
ments. Finally, to effectively localize the mobile user (MU)
with smaller dataset and less training steps compared to the
traditional training-from-scratch DL algorithm, we employ
transfer learning to design a localization algorithm. Our main
contributions are summarized as follows:

1) High-accuracy faulty element detection: Given an RIS
possessing some unknown faulty elements, we harness
transfer learning to design a two-phase transfer learn-
ing (TPTL) algorithm, addressing the faulty element
detection problem. To cope with the limitations of multi-
label classification, in Phase I, the well-trained DenseNet
121 is leveraged to pinpoint faulty sub-arrays (SAs).
Building on this, in Phase II, we detect the faulty
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reflecting elements contained within the previously iden-
tified faulty SAs by transferring the NN of Phase I.

2) Signal reconstruction on faulty RIS: We reconstruct
the high-dimensional signal received at the RIS which
contains rich information and can be utilized for
high-accuracy localization. Specifically, based on the
low-dimensional BS signal, we employ both a CNN and
a VAE to recover the signal received at the non-faulty
RIS elements and to restore the lost information at the
faulty RIS elements.

3) Effective localization with reconstructed signal: We pro-
pose a transfer enhanced dual-stage (TEDS) localization
algorithm, where the signal reconstruction is performed
in Stage I and the reconstructed signals are stored as
fingerprints. In Stage II, we transfer DenseNet 121 to
estimate the coordinates of the MU. By fully exploiting
the RIS’s high-dimensional information, the proposed
TFDS algorithm effectively improves the localization
performance.

4) Direct fingerprint-based algorithm: As a benchmark
algorithm, we design a transfer-enhanced direct finger-
print (TEDF) localization algorithm, which only exploits
the BS information (e.g., received signal at the BS).
The comparison between this algorithm and the TEDS
algorithm allows us to better understand the benefits of
using RIS information for localization.

5) Confirm the benefit of exploiting RIS information:
Through accurate faulty element detection and the
effective signal reconstruction, our simulation results
demonstrate that the localization performance of the pro-
posed algorithm can benefit from the high-dimensional
RIS information even with faulty elements. Additionally,
the proposed TEDS localization algorithm showcases
remarkable robustness against unoptimized phase shifts
and signal-to-noise ratio (SNR) variations, with a
marginal gap of only 0.001 between ‘Opt. RIS, Np,, = 0’
and ‘RIS Inf., Np,, = 0’, emphasizing the minimal impact
of phase shift optimization on localization accuracy.

II. SYSTEM MODEL AND PROBLEM FORMULATION

Consider an RIS-aided uplink (UL) localization system,
where an MU transmits pilot signals to the BS. The objective
is to determine the MU’s location with the aid of an RIS with
some faulty elements but it is unknown which elements are
damaged. Furthermore, the BS is equipped with a uniform
planar array (UPA) having M; x My = M antennas, and the
MU is equipped with a single antenna. Moreover, the RIS
is equipped with a UPA having N; x N = N reflecting
elements.

A. Geometry and Channel Model

The BS is located at coordinates p, = [x4, yp, 23] 7, While
the center of the RIS is situated at p, = [z, ¥, 2.]7. The
true position of the MU is denoted as p, = [Tu,Yu, zu]” .
Typically, once RIS and BS are deployed, their positions
p, and p,, are known and remain fixed. To motivate the
deployment of an RIS, we consider a classical scenario where
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the line-of-sight (LoS) path between the BS and the MU is
blocked [11]. Such blockages can arise from numerous factors,
including buildings, vehicles, or natural obstructions [46].

Next, we model the MU-RIS and RIS-BS links. For any
antenna array, given an elevation angle § € (0,7] and an
azimuth angle ¢ € (0, 7], the array response vector can be
generally described as

a.(0,4) = al?(0) ® al™ (0, ), (1)

where x represents the specific link and ® denotes the Kro-
necker product, and

_j2n(Ne—1)dg cos 071
al(0) = [1,... TR @)

—j2m a— 2 8in 6 cos T
al(0,0) = [1,...,e TR )

where N, and N, denote the number of elements in the
elevation and azimuth planes, respectively, d, denotes the
distance between adjacent array elements, and \. is the carrier
wavelength.

1) MU-RIS Link: Considering P propagation paths between
the MU and the RIS, and utilizing the general array response
vector defined in (1), the channel response of the MU-RIS
link, g,,,., can be expressed as

P
Gur = ZapaRa (Op, p), “4)
p=1

where apr, denotes the array response vector of the RIS and
ay, represents the channel gain of the p-th path.

2) RIS-BS Link: Assuming J propagation paths between
the RIS and the BS, the channel matrix of the RIS-BS link,
H ., can be modeled as

J
H,, =Y Biap(0;,6;)ap,(V;,w;), 5)
j=1
where (3; represents the channel gain of the j-th path and ap
is the array response vectors of the BS.

B. Faulty Element Model

The RIS panel is passive, lacking the self-diagnostic capa-
bilities of active antennas. Given this absence of direct feed-
back, establishing an external detection mechanism becomes
crucial. For this purpose, drawing from the faulty antenna
model in [47], we introduce a corresponding model for the
RIS elements as follows.

1) RIS Faulty Element Model: Without faulty elements, the
RIS phase shift vector is defined as w = [wy, -+ ,wy]T €
CN*1. Actually, some of the reflecting elements may be
damaged (refer to as faulty elements in this paper) due to some
unknown environment conditions, leading to the situation that
they cannot effectively receive/reflect any signals.'

We assume that the received Si§nal strength at the n-th
element of the RIS is denoted as ynr). Besides, we employ a
threshold parameter (, < p, to determinate the fault status of

IThere may be other metrics to define whether an RIS element is damaged
or not, which will be left to our future work.
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the n-th element, where p, represents the minimum transmit
power to the reflecting elements, and ¢, is assumed to be
exceedingly small. Accordingly, the fault status is mathemat-
ically defined as

(6)

1Ly" >¢., ne{l,--- N}

0,5, < ¢
B, — { Yn S G
As we can see from (6), there are two distinct cases: First,
when y,(f ) < (p, this indicates that the strength of the RIS
received signal is below or equal to the threshold (,, sug-
gesting that this element is damaged. Consequently, we assign
B, = 0 in such cases. Conversely, when the received signal at
the RIS exceeds the threshold (,, i.e., y,(f) > (p, this signifies
that the n-th element is operating correctly. Consequently,
we assign B,, = 1 in these situations.
Let us integrate the statuses of all elements into a vector as
follows
B=[By, - By (7
Accordingly, the RIS phase shifts profile can be mathemati-
cally formulated as follows
}T

WZWQB:[LUlBl,"‘,WNBN :[wla"’awN]T; (8)

where ® denotes the Hadamard product.

C. Signal Model
The UL signal received by the RIS can be expressed as

Yr = GurS- ©)]

Accordingly, The UL signal received by the BS can be
expressed as

y = Hydiag(w)g,,s + n, (10)

where diag(zo), s, and n denote the phase shift matrix of the

RIS, the pilot signal transmitted by the MU, and the zero-mean
additive white Gaussian noise, respectively.

III. PROBLEM FORMULATION

Building upon the received signal y, defined in (10), our
objective is to design a localization algorithm for the scenario
where the RIS contains deterministic faulty elements. To this
end, it is essential to detect the faulty elements, which enables
us to mitigate their harmful impact on the localization accu-
racy. Unlike active components that can self-diagnose or report
inconsistencies, the potential faults or damages within the
RIS are invisible without external intervention. Detecting and
localizing these faulty elements requires a deeper understand-
ing and innovative methodologies, presenting a non-trivial
challenge in the field. In the following subsection, we will
delve formulate a faulty elements detection problem.
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A. Faulty Element Detection Problem

First, let B denote an estimate of 1, given by
B=F(y)=[B.....Bx]", (11)

where F(-) denotes the non-linear function between y and B,
and Bn represents the estimated status of the n-th RIS element,
which is either 1 (functioning) or 0 (faulty). Consequently, the
detection problem is given by

(P1) : min L (F (y),B), (12)
B

where Lz is the loss function for predicting the element status.
To further illustrate the proposed problem and the related
challenge, we make the following remarks.

Remark 1: Given the nature of the received signal y at
the BS, y can be regarded as an image, drawing parallels
between problem (PI) and tasks in computer science (CS)
[45]. Since the status of the individual elements, B, is either
1 or O, the estimation of the fault status corresponds to a
binary classification problem. Furthermore, considering that
the RIS comprises multiple elements, (P1) can be regarded as
a multi-label classification problem.

Remark 2: Contemporary research on multi-label classi-
fication has only advanced to handle datasets with up to
100 labels [48]. For instance, datasets like “MS-COCO”
encompass 122,218 images spanning 80 labels [49]. However,
the number of the reflecting elements of an RIS can easily
surpass 100 (e.g., N1 x No > 10 x 10). In other words, the
number of the labels that need to be classified will exceed
100 and reach thousands, posing a significant challenge for
detecting faulty elements using the existing DL algorithms.
To address the challenge in Remark 2, we propose to divide
the RIS panel into multiple SAs, each containing a same
number of reflecting elements. Then, Problem (P1) is decom-
posed into two sub-problems. The first sub-problem is to
detect the SA containing the faulty elements (referred to as
the “faulty SA”), represented by Problem (P1-a). The second
sub-problem is to detect the faulty elements within the faulty
SA, represented by Problem (P1-b). These two sub-problems
will be sequentially introduced in the following.

1) Detection of Faulty SA: To begin with, let us introduce
the procedures for dividing and labeling the SAs. The RIS with
N elements is divided into K SAs, with each SA containing
Ns; = |N/K| reflecting elements.” If the k-th SA contains
one or more faulty reflecting elements, we classify it as a
faulty SA. Conversely, if the k-th SA does not contain any
faulty elements, we determine the k-th SA to be operating
correctly. Then, by denoting the number of faulty elements
of the k-th SA as N ,Sfamy), the status of the k-th SA can be
mathematically defined as

O,ngfaulty) >1,
Cr = (faulty) 13)
1, N, =0, kef{l,--- K}
By collecting the status of all SAs in vector form, we have
C = [Ci,---,Ck]T. The estimate of C is thus defined as

C=X(y)=|[Ci, - ,Cx|T, where X(-) denotes a non-linear

function and Cj denotes an estimate of Cy.

2|z denotes the function that output the greatest integer less than of equal
to x.
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Fig. 1. Network structure of TPTL algorithm.

Building upon this, the problem of detecting the faulty SAs
can be formulated as follows

(Pl-a) min L¢ (X (y),C), (14)
e

where L¢ denotes the specific loss function for estimating the

status of all SAs.

2) Detection of Faulty Elements of SA: After identifying
the faulty SAs, the next step is to detect the faulty elements
within a given faulty SA. Similar to (7), the statuses of the
faulty elements within the k-th faulty SA can be organized in a

vector, denoted as Bi’f}b = [By, -+ ,Bn.]T. Thus, the estimate

. (k N N
of ng}b can be written as Bgu)b = [ng), e ,BE\Z)]T, where
B,(i), ns € {1,---, N}, represents the estimated status of the

ns-th element within the k-th faulty SA. Besides, we have
H(-) to denote the complex non-linear function between the
received signal y and the estimated statuses of faulty elements
within the k-th faulty SA.

Consequently, detecting the faulty elements within the k-th
faulty SA can be formulated as follows

. (k)
(P1-b) g%g)l L3, (H(y),B ) (15)

sub

sub

where L, denotes the specific loss function for predicting
the statuses of the faulty elements within the k-th faulty SA.

Similar to (P1), these two sub-problems can also be regarded
as a kind of multi-label classification problem. In the field of
CS, the multi-label classification problem can be solved by
using a CNN [45]. Notably, the parameters of the CNN have
to be trained with a large number of data sets before being
used in the online phase [45]. However, training two CNN
networks to solve the above problems is inefficient. To address
this challenge and to save time and computation resources,
we propose to leverage transfer learning algorithms [40] to
fine-tune pre-trained CNN networks.

B. Localization Problem Under Faulty Elements

The localization accuracy of existing localization algorithms
designed under assumption of a perfect RIS is expected to
deteriorate in the presence of faulty RIS elements. Therefore,
building upon the obtained knowledge on the faulty elements,

ie., B it is crucial to develop a localization algorithm
rather that can correct the harmful impact of faulty elements.
By defining the estimate of the position of the MU as p,,,
the relationship with the knowledge of faulty elements can be
expressed as

Py = QY. B) = [0, us 2], (16)
where Q(-) represents the intricate non-linear mapping
between received signal y and the estimated position of the
MU, p,,. In the next step, we tackle the localization problem,
labeled as (P2). This problem aims to accurately predict the

3D position of the MU by minimizing the loss function, £p,.
Mathematically, it is formulated as

(P2) min £, (Q(y,B),pu) :

Traditional convex optimization and channel estimation
methods, as highlighted in [19], are not capable of accu-
rately estimating p,. Therefore, this paper introduces a
fingerprint-based algorithm for this purpose. After the faulty
elements have been identified, we reconstruct from the
low-dimensional BS signal to complete high-dimensional RIS
signal. This reconstructed RIS received signal then acts as a
unique fingerprint for estimating p,,. For comparison, we also
utilize the BS received signal as another fingerprint to esti-
mate p,,.

amn

IV. TRANSFER LEARNING EMPOWERED FAULTY ELEMENT
DETECTION ALGORITHM DESIGN

In this section, we aim to solve Problem (P1) to estimate
the fault statuses of the RIS elements which serves as the
foundation for the design of the proposed localization algo-
rithms. To this end, we propose a TPTL algorithm, whose the
network structure is depicted in Fig. 1. TPTL employs transfer
learning in two distinct phases to sequentially tackle problems
(P1-a) and (P1-b). Before introducing the proposed TPTL,
we first explain why the transfer learning [40] is adopted in
the following subsection.

A. Adoption of Transfer Learning

Transfer learning [40] is particularly advantageous for tasks
like detecting faulty elements within the RIS. One of the
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primary reasons behind its suitability is the analogous nature
of received signals to images. Received signal y can be viewed
as an image, also with features to be extracted and recognized.
This similarity allows us to harness the power of models
pre-trained for image recognition tasks and adapt them for
faulty elements detection. Transfer learning can efficiently
use data from image domains to facilitate faulty elements
detection.

Hence, we propose a TPTL algorithm to sequentially
address problems (P1-a) and (P1-b). As shown in Fig. 1,
during Phase I, we utilize the classical DenseNet 121 [43]
as the base model for transfer learning, adapting the input and
output modules for Problem (P1-a). Upon completing Phase
I training, we save the trained NN to serve as the base model
for transfer learning in Phase II. Furthermore, in Phase II,
we make necessary adjustments to both the input and output
modules of the well-trained model to better fit Problem (P1-
b). To facilitate an intuitive understanding of the employed
approach, the details of DenseNet 121 will be introduced in
the following subsection.

B. The Architecture of DenseNet 121

DenseNet [43], inspired by the foundational principles of
ResNet [44], reuses the features from earlier layers. However,
different from the skip connections which might bypass a
couple of layers, DenseNet establishes connections between
every layer and every other layer, ensuring a more robust fea-
ture propagation. This approach, while reducing the parameter
count, allows DenseNet to potentially surpass the performance
of ResNet. The design of DenseNet 121 is illustrated in Fig. 2,
and its architecture comprises three main components: Dense
Modules, Transition Modules, and an Output Module, which
will be introduced as follows.

1) Dense Module: As depicted in Fig. 2, the Dense Module
comprises multiple Dense Blocks. The details of a Dense
Block are shown in Fig. 3. Each Dense Block starts with a
batch normalization (BN) layer, followed by a layer rectified
linear unit (ReLU) activation function layer, and concludes
with a 3 x 3 convolutional (Con) layer. A notable charac-
teristic of the Dense Module is its connectivity: Every block
incorporates the feature maps of all preceding blocks within
the module. This design ensures efficient feature reuse and a
rich flow of information throughout the network [43].

2) Transition Module: From Fig. 2, we observe that the
Transition Module, which acts as a connector between Dense
Modules, starts with a 1 x 1 Con layer, followed by a
2 x 2 average pooling layer, effectively reducing the spatial
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dimensions of the feature maps and streamlining them for
either the next Dense Module or the concluding output layer.

3) Output Module: This module employs average pooling
to aggregate the feature maps. Subsequently, these integrated
features are channeled through a linear layer. A sigmoid
activation function then finalizes the process, ensuring that the
output values lie between 0 and 1.

Having detailed the architecture of DenseNet 121, we will
now explain the proposed TPTL algorithm, which is structured
in two distinct phases. These phases are elaborated in the
following subsections.

C. Phase I: Transfer Learning of DenseNet 121

To extract the features from the received signal y and tackle
sub-problem (Pl-a), we employ transfer learning [40] with
a pre-trained DenseNet 121 [43]. Though the internal layers
of DenseNet 121 are effective at feature extraction due to
their extensive pre-training on datasets such as ImageNet [50],
adjustments are necessary to cater to the specific nuances of
sub-problem (P1l-a) and the nature of signal y. As shown
in Fig. 1, an Input Module is introduced to preprocess the
received signal, while the Output Module is configured to
classify the different statuses of the SAs on the RIS panel.
Additionally, choosing an appropriate loss function for this
binary classification problem is crucial. The details will be
discussed in the subsequent paragraphs.

1) Input Module: The received signal at the BS, ie., v,
is first processed by the Input Module so that it can be fed
into the transferred DenseNet 121 for classifying the statuses
of the SAs [40]. To this end, we first decompose signal y as
follows

y =NR(y) +79(y), (18)

where R(y) and J(y) are the real and imaginary parts,
respectively. In this way, we can ensure that both the real
and imaginary information contributes to enhancing signal
differentiation and facilitating feature extraction.

Thereafter, we reshape both 2(y) and J(y) into matrices,
which are denoted as M g, € RM1*Mz and My, € RM1* Mz
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respectively. The primary motivation for this particular reshap-
ing strategy is to effectively extract meaningful features from
the UPA of the BS, which spans both the horizontal and
vertical dimensions. Then, we concatenate the reshaped matri-
ces of the real and imaginary parts, resulting in a 3D tensor
represented as

T, = {Mﬁ’/y} € R¥MixMz (19)

My,

However, the values of M; and M, may not be directly com-
patible with DenseNet 121. Hence, an upsampling technique
is applied:
T, = Upsample(T',)) € R?*256%256, (20)
The upsampling technique is employed to adjust the dimen-
sions of the tensor T', to the desired dimensions of 2 x 256 x
256. It typically involves pixel value interpolation to expand
the image or tensor size, redistributing pixel values accord-
ingly. To make Ty, suitable for processing by DenseNet 121
[43], which expects an input tensor of the form (3, 256, 256),
a Con Layer is introduced to transform the bi-channel tensor
to a tri-channel one:
T'penseNet = ConLayer(Tup)' (21)

2) Transferred DenseNet 121: Tpepgenet 1S input to the
well-trained DenseNet 121 without the first Con layer and
Output Module. While the internal layers of DenseNet 121 are
frozen during the early stages of training to maintain their
feature extraction capabilities, they are gradually unfrozen
later, enabling minor adjustments to adapt better to the specific
task of detecting faulty SAs. This ensures that the network
leverages the generic feature extraction capabilities of the
pre-trained model while also fine-tuning specific layers to our
dataset and problem definition for SA detection.

3) Output Module: In the typical use case, DenseNet 121 is
employed for single-label image classification using a softmax
layer to determine category probabilities [51]. However, our
task in (P1-a) entails a multi-label binary classification prob-
lem concerning the statuses of the SAs. Specifically, we have
K SAs, and for each one, the goal is to determine if it is
faulty or not. The status of a given SA is independent of the
statuses of the other SAs. To accommodate this, we modify
the linear layer of the Output Module to produce K outputs,
which is aligned with the number of SAs under consideration.
Furthermore, we replace the softmax layer with the sigmoid
layer [51], which allows for individual probability estimation
for each label. Defining the output from the linear layer by
Tp1, the probability that the k-th SA is faulty (represented as
C = 0) can be expressed as

P(ék = 0|ar:p1) = Fsig(wf - Tp + bk), (22)
where Fg, denotes the employed sigmoid function, wy, is the
weight vector associated with the k-th SA, and by represents
the corresponding bias.
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4) Loss Function: For addressing the complexities of our
multi-label classification task, it is imperative to employ a
suitable loss function. The multi-label soft margin loss in [52]
is employed as the specific loss function for addressing the
multi-label classification problem in this paper. The application
of the multi-label soft margin loss is motivated by its design,
specifically tailored for multi-label scenarios [51]. Unlike
conventional loss functions, the multi-label soft margin loss
was constructed for problems where input samples might
simultaneously belong to multiple labels, providing the means
to individually estimate label probabilities. The mathematical
formulation of the loss function is given by

K

Lm,sml =

7 [Cr, 1og(Cr) + (1 — Cx) log(1 — Cy)], (23)
=1

where K represents the total number of SAs (or labels) in
the RIS. For the k-th SA, C;, denotes the true label, while (fk
represents the predicted label.

5) Training for Faulty SA Detection: Once the Input
Module, Output Module, and loss function adjustments are
established for the SA classification, the next step is to
fine-tune the pre-trained DenseNet 121 on our specific dataset
for detecting faulty SAs. This means that we train the model
on a new dataset specifically focused on detecting faulty
SAs. The utilization of weights initialized from prior training
on comprehensive datasets, such as ImageNet [50], offers a
foundation that aids faster convergence and potentially better
generalization [40].

The primary objective during the training step is to optimize
the network weights by minimizing the loss L¢, which is
specifically designed for the faulty SA detection problem
(P1-a). By training and converging the network, Problem (P1-
a) of estimating the faulty SAs of the RIS can be solved.
The training process involves iteratively adjusting the network
weights based on the gradient of the loss with respect to the
weights. Mathematically, the optimization problem for training
in Phase I can be expressed as

min L¢ (9P1-a),

Op1,

(24)

where 6p;, represents the parameters (or weights) of the
designed network for the detection of faulty SAs in Phase
L

6) Output After Training: Upon training convergence, the
network outputs undergo the sigmoid activation function as
detailed previously. This produces probabilities for each status
of the faulty SA. The classification based on a threshold of
0.5 is given by

. i g > 0.5:
Ck_{o if P(Cp, = 0lay) > 0.5; )

1 otherwise.

Besides, the threshold can be tailored to meet precision-recall
needs or practical requirements.’

3To adjust the classification threshold, we can analyze precision-recall
curves to find a balance between precision and recall suitable for our
application. A higher threshold is used to prioritize precision, while a lower
threshold is chosen to favor recall.
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D. Phase II: Transfer Learning of ‘Phase I’ Network

Problem (P1-b) is similar to Problem (P1-a), since they
have the same prior knowledge y and are both muti-label
classification tasks. Hence, transfer learning is employed in
this phase to reduce the training time and cost. Specifically,
we adopt the well-trained NN from Phase I as the base model
for transfer learning in Phase II.

If 71 denotes the feature space shaped in Phase I and
Fy represents the desired feature space for Phase II, our
intent is to discern a transformation function ¢ : F; — Fo
that minimizes the divergence between these spaces, which is
expressed as

¢" = argmin|lFy — 6(F)|I” (26)

Leveraging the NN pre-trained in Phase I as the base model,
we introduce modifications tailored for Phase II, especially
in the Output Module. By doing so, we can ensure that the
foundational features and representations learned in Phase [
remain intact while the network is trained to better align with
the task of Phase II. The network structure of Phase II is
shown in Fig. 1. Details of the modifications are presented in
the following.

1) Input Module of Phase II: Although Phase II directly
transfers the input module from Phase I, it is essential to
unfreeze this module before training. This is due to the distinct
tasks associated with each phase. This operation aids the
network to adapt more effectively to the new problem.

2) Output Module: To tackle Problem (P1-b), it is impera-
tive to make adjustments to the linear layer within the Output
Module. Specifically, the output dimension of this linear layer
needs to be adjusted to N,. Hence, the Output Module can
yield the probabilities associated with the fault statuses of the
N reflecting elements in the k-th SA. Denoting the output of
this modified linear layer by xp,, the probability of the n,-
th reflecting element in the k-th SA being faulty (denoted as

BSLIZ) = () can be expressed as

P(BY) = Oey) = Fig(wy, -2 +b),  27)

ng

where w,,, denotes the weight vector associated with the n,-th
reflecting element and b,,, represents the corresponding bias.

3) Training for Phase II: Once the adjustments have been
made, the next step is fine-tuning the pre-trained NN of Phase
I on another specific dataset for detecting faulty reflecting
elements within each faulty SA. This means that we have to
train the model on a new dataset for detecting faulty reflecting
elements.

The primary objective during the training step is to optimize
the network weights by minimizing the loss Lgp,,,, which
is specifically designed for the faulty reflecting elements
detection Problem (P1-b). By training and converging the
network using this optimization, Problem (P1-b) of estimating
the faulty reflecting elements can be solved. Mathematically,
the optimization problem for training in Phase II can be
formulated as

min 'CBsub (epl,b), (28)

Op1p
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where Op;_, denotes the parameters (or weights) of the network
for this specific sub-problem. Using the gradient of the loss
with respect to these weights, the training process iteratively
adjusts the network weights until convergence.

Crucially, for Phase II, the internal layers of the NN
transferred from Phase I are initially frozen during the early
stages of training to retain their feature extraction prowess.
However, as training progresses, these layers are gradually
unfrozen, allowing for better adaptation to the specific task of
detecting faulty reflecting elements. This allows the network
to use the pre-trained model’s general features and fine-tune
specific layers for detecting faulty reflecting elements.

4) Output After Training: Upon training convergence, the
network outputs are fed into a the sigmoid activation function.
This produces probabilities for each status of the reflecting
elements within the SA. A threshold, typically set at 0.5,
determines the binary classification:

i 3(k) _
° 1 otherwise.
The threshold can be adjusted based on specific

precision-recall requirements or based on the practical
requirements.

E. Trained TPTL Algorithm Usage Guide

After training of the TPTL algorithm, we integrate the
well-trained models into a ‘sealed black box’. Below are the
instructions for using the TPTL algorithm to detect the position
of faulty elements on the RIS.

1) Phase I (Diagnosis of Faulty SAs): The MU acts as a
diagnostic device, transmitting a pilot signal towards the BS
via the RIS. The received signal at the BS is then input to
the well-trained model of Phase I to output the statuses of the
SAs within the RIS panel.

2) Phase II (Diagnosis of Faulty Elements Within Detected
SA): After identifying a faulty SA, all other SAs are turned off,
and the MU sends another pilot signal to the BS. The received
signal at the BS is then input to the well-trained model
of Phase Il to estimate the faulty statuses of the elements
within this faulty SA. This method effectively utilizes the
comprehensive information provided by the BS received signal
to distinguish between varying faulty scenarios across SAs,
thereby demonstrating the versatility and robustness of our
proposed diagnostic approach in Phase II.

By sequentially addressing Problem (P1-a) and Problem
(P1-b) with the TPTL algorithm, the overall Problem (P1) is
resolved.

V. TRANSFER-ENHANCED DUAL-STAGE ALGORITHM:
RIS SIGNAL RECONSTRUCTION AND LOCALIZATION

After having identified the faulty elements, our primary aim
is to mitigate their detrimental effects and fully realize the
potential of high-dimensional RIS information for localization.
Addressing this, we introduce the proposed TEDS algorithm,
whose network structure is depicted in Fig. 4. Deriving
a closed-form solution for the 3D coordinates of the MU
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Fig. 4. Network structure of TEDS algorithm.

using traditional optimization methods is generally impossi-
ble [19]. Fingerprint-based methods emerge as an enticing
solution, utilizing the received signal as a unique fingerprint
to determine the MU’s location [53]. The proposed TEDS
algorithm employs the fingerprint-based method, exploit-
ing the high-dimensional RIS information which includes
rich information beneficial for localization. As shown in
Fig. 4, in Stage I, the focus is on reconstructing the com-
plete high-dimensional RIS received signal based on the
lower-dimensonal BS received signal, while Stage II employs
the reconstructed RIS information to accurately localize the
MU.

A. Stage I: RIS Signal Reconstruction

To enhance localization performance, it is imperative to
restore the information lost due to the identified faulty ele-
ments. To this end, the primary objective of Stage I is
the reconstruction of the complete high-dimensional signal
received at the RIS. As shown in the top half of Fig. 4,
emStage I is based on an integrated approach using a CNN
followed by a VAE [54]. Specifically, as shown in Fig. 4,
given y, the CNN is employed to recover the signal from the
non-faulty elements. Then, given the identified faulty elements
and the signal from the non-faulty elements, we restore the
signal lost by the faulty elements with the VAE. We will first
explain the rationale behind choosing the integrated CNN-
VAE network, and subsequently outline the corresponding
operational details. Finally, the integrated CNN-VAE network
is described.

1) Rationale for Adapting CNN-VAE Network:

a) Rationale for using CNN: CNNs are good at cap-
turing complex function mappings and predicting continuous
outputs, especially with a regression component [45]. They
effectively extract spatial features from signals using their Con
layers [44].

b) Rationale for using VAE: VAE renowned for their
adept data reconstruction from deficient inputs, emerge as a
viable solution for image restoration [54]. Applying to the
reconstruction of the high-dimensional RIS received signal,
VAE can capitalize on spatial correlations and the information
of non-faulty elements. This enable VAE to learn the latent
distribution of the input incomplete RIS signals, subsequently
generating the complete RIS received signal in alignment with
this distribution [54].

¢) Rationale for integrating CNN and VAE: The integra-
tion of the CNN and VAE models provides significant benefits.
Training them jointly allows shared feature extraction, improv-
ing model performance. This approach saves computational
resources by avoiding multiple passes in separate networks
and uses a single loss function for consistent training, leading
to better signal reconstruction.

2) Recovering Signal Recieved From Non-Faulty Elements:
To reproduce the incomplete received signal at the RIS with
faulty elements, as illustrated in Fig. 4, a combination of
a CNN and a regression module is employed, where the
CNN is specifically utilized to estimate the signal, denoted as
y,.. However, due to the architecture of the CNN, its output
cannot contain zero values. This leads to a potential misalign-
ment between the CNN’s output and the expected incomplete
received signal. To overcome this challenge, we employ status
vector B, where each element of the vector is either 0 or
1. By multiplying the CNN’s output with this status vector,
the incomplete received signal at the RIS is successfully
reproduced.

a) CNN architecture: As depicted in Fig. 4, the proposed
CNN has two Convolution Modules followed by an Output
Module. Each Convolution Module encompasses a Con layer,
a ReLU activation function, and a max-pooling operation. The
final Output Module consists of a linear layer with dimension
N 1 X NQ.
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b) CNN training: During training, the primary goal is
to condition the CNN, using received signal y from the BS,
to reproduce the received signal at the RIS, denoted as y,..
Besides, let us define the output of the employed CNN as ¥,.,
which is given by

@r = FCNN(y; ecnn) © Ba (30)

where 0., denotes the set of the parameters (or weights) of
the CNN, and Fenn represents a function mapping y to @,..
The objective of this training is to minimize the error caused
by the reproduced signal as follows

€29

Upon optimizing this objective, the CNN is conditioned to
best recover the incomplete received signals at the RIS panel.

3) Restoring Lost Information From Faulty Elements: After
recovering the incomplete RIS received signals through the
CNN, 9y, undergoes further reconstruction using a VAE as
shown in Fig. 4.

a) VAE network architecture: According to Fig. 4, the
VAE begins with an encoder that learns the distribution of the
input g,. through a series of linear layers. This process results
in the establishment of a latent space, which represents the
essential features of the data by determining the latent mean
u and latent variance o2. From this latent space, the encoder
samples a set of latent variables. The decoder, which consists
of another sequence of linear layers, uses these sampled latent
variables to reconstruct the output, denoted as y,., which is an
approximation of the input y, intended to be as close to the
original input as possible. To be specific, the decoder randomly
generates new instances within the latent space that are used
to reconstruct the input data.

b) Training of VAE: With the VAE structure in place,
the reconstructed signal ¥y, can be obtained by feeding ¥,
through the encoder to get the latent variables, and sub-
sequently passing these variables through the decoder. The
specific operations are shown in Fig. 4. Mathematically, the
reconstruction process can be represented as follows

yr = FVAE(’QT; 61}(16)7 (32)

where 0,,. denotes the set of parameters (or weights) of
the VAE, and Fyag represents a function mapping ¥, to y,..
Hence, the optimization problem for this training is formulated
as

min |9, — 9, 3+ KL(L,), (33)

where KL and L, denote the Kullback-Leibler divergence and
the latent variables [54]. The inclusion of the KL-term acts as
a regularization mechanism, ensuring that the latent variables
adhere to a certain distribution. Through this VAE-based
reconstruction process, we aim to achieve a more precise and
noise-resistant reconstruction of the RIS received signal.

4) Integrated CNN-VAE Network: The proposed integrated
network combines the capabilities of CNN and VAE. The
CNN is responsible for recovering the incomplete RIS received
signal. Following this, the VAE reconstructs the complete RIS
received signal.
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a) Training: During training, the model is conditioned
using the low-dimensional BS signal, y, to reconstruct com-
plete high-dimensional RIS signal, y,. Simultaneously, the
network incorporates the statuses of the faulty elements, B,
to guide the learning process. The objective during training is
defined as

o 0y, =5+ 19, — 9.7 + KL(Ly) [ (34)
b) Output: Upon convergence of training, the net-

work’s parameters 6., 60,4, are optimized to reconstruct
the RIS received signal. The model can then process any
low-dimensional input y to generate a higher-dimensional
output y,..

B. Stage II: Enhanced Localization Using
Reconstructed Signal y,

This stage builds upon the reconstructed RIS information,
Y,., obtained in Stage I. As shown in the lower half of Fig. 4,
the primary goal of this phase is to achieve enhanced local-
ization using the reconstructed RIS information as well as the
statuses of the elements. Similar to how we tackled the faulty
element detection problem in the previous section, we propose
to utilize the pre-trained DenseNet 121 for transfer learning to
handle the localization problem described in (17). By doing
so, we can harness the knowledge of the model acquired from
previous tasks [45]. This approach, grounded in the success
of transfer learning for image classification [40], is satisfied
due to its smaller training times and often achieves bet-
ter results comparing to the traditional training-from-scratch
methods [45]. Hence, we employ a transfer learning approach
to localize the MU at Stage II. As depicted in Fig. 4, we input
the reconstructed signal ¥y, as a type of fingerprint to the
transferred DenseNet 121 to output the 3D location of the MU.

Before the training process, some modifications of the
transferred DenseNet 121 are added to specifically address
Problem (P2). The details are given as follows.

1) Input Module: To extract features from y,, we divide
it into its real and imaginary parts, represented as 3(y,.) and
J(y,). These parts are then merged and reshaped based on
the UPA antenna setup at the RIS. Since N; and N, may
not fit the NN architecture’s input size, we use interpolation
techniques to make the signal dimensions compatible with
DenseNet. Lastly, a Con layer adjusts the tensor size to meet
the DenseNet 121 input requirements.

2) Transferred DenseNet 121: After preprocessing the
received signal y,., the Input Module outputs the preprocessed
tensor to the transferred DenseNet 121. Notably, the internal
layers of the transferred DenseNet 121 are initially frozen
during the early training stage and gradually unfrozen as
training progresses.

3) Output Module: Conventionally, DenseNet 121 employs
a softmax layer after the linear layer at the Output Module
to yield category probabilities. To cater to the considered
regression problem, we replace the softmax layer with a linear
layer. This layer comprises three neurons, corresponding to the
MU?’s coordinates.
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Fig. 5. Network structure of TEDF algorithm.

4) Selection of the Loss Function: Predicting 3D coor-
dinates is more effectively tackled using regression than
classification, given that these coordinates exist in a con-
tinuous space rather than discrete categories [25]. Trying to
classify each coordinate as a unique category would drastically
increase the number of classes, increasing complexity and
computational demands [53]. For regression tasks, the mean
squared error (MSE) loss is often favored [40]. It measures
the discrepancy between predicted and actual values and
has continuous derivatives that facilitate optimization. Fur-
thermore, larger errors are penalized more by MSE, which
makes the model highly sensitive to significant deviations.
Given the importance of precision in 3D coordinate prediction,
regression with MSE emerges as a sound and efficient option.

5) Transfer Learning for Localization: Leveraging the
foundational weights and configurations from pre-trained mod-
els, the focus shifts to training the DenseNet 121 for the task of
localization. At this stage, the primary goal is to solve Problem
(P2) which is mathematically represented as

rgin Lp (Oroc) »

loc

(35)

where 6, stands for the parameters (or weights) specific to
the localization problem in the transferred DenseNet 121.

6) Localization With Well-Trained DenseNet: Upon conver-
gence of the training phase, the DenseNet 121 model stands
ready to provide estimates for the 3D position of the MU.
As we can see from Fig. 4, for every reconstructed RIS
singal y,., the network outputs a three-dimensional vector,
(%, Tu, 2u) T, which is an estimate of the MU’s coordinates.
Therefore, Problem (P2) has been effectively solved by the
proposed TEDS algorithm.

VI. TRANSFER-ENHANCED DIRECT FINGERPRINT
ALGORITHM

To be able to show more light on the gain achieved by
using RIS information and the impact of faulty RIS elements
on localization, in this section, we propose a benchmark
algorithm, named TEDF algorithm, which only exploits the BS
signal. As depicted in Fig. 5, we directly input the BS received
signal y as a type of fingerprint to the transferred DenseNet
121 to predict the 3D location of the MU. In contrast to TEDS
algorithm, this localization algorithm, without relying on RIS
information, may suffer from some performance loss. There-
fore, the comparison between these two kinds of algorithm
can further highlight the necessity of faulty element detection
and the benefits of exploiting the high-dimensional RIS signal

for localization. The details of this algorithm are provided in
the following.

A. Transfer Learning for Localization

The TEDF algorithm is also based on the DenseNet
121 model, leveraging its powerful transfer learning capa-
bilities. However, in contrast to the method discussed in
the previous section, the input data to this model is the
received signal y at the BS. The fundamental rationale remains
unchanged; the DenseNet is capable of deriving intricate
spatial relationships from the signal, providing insights into
the MU’s position.

B. Training Using BS Received Signal

During the training phase, the model learns to map the
received signal y to the actual MU position without knowledge
of the faulty elements. In a training process, the model
is optimized to reduce discrepancies between the predicted
position and the actual MU position, using the same loss
functions and methodologies as discussed earlier.

C. Localization With Well-Trained TEDF Algorithm

After convergence of the training phase, the proposed TEDF
algorithm is capable of estimating the 3D position of the MU.
For every received BS singal y, the network outputs a three-
dimensional vector, [#., 9y, 2.]7, which corresponds to the
MU coordinates.

VII. SIMULATION RESULTS

In this simulation, we consider a setup in a three-
dimensional space, involving a MU, an RIS, and a BS. The
carrier frequency is f = 90 GHz. The RIS is composed of
N; x Ny = 81 elements, with adjacent elements spaced at
d, = A\/2 = 1.67x 1073 m. The center of the RIS is located at
p, = (15,0,2) m. The BS comprises M; x My = 16 antennas,
with an antenna spacing of d, = \/2 = 1.67 x 1072 m. The
center of the BS is positioned at p, = (0, 10, 1.5) m. The MU-
RIS link includes P = 10 propagation paths, and the RIS-BS
link comprises J = 10 propagation paths. The transmit power
of the MU is 10 dBm. The phase shifts of the elements at the
RIS are set to a unity matrix.

During the training stage of the proposed TPTL algorithm
for detecting the faulty elements of the RIS, we assume the
MU is located at p,, = (30, 6,0.5) m, and the number of faulty
elements within the RIS is assumed to be no more than 15,
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i.e., N < 15. Furthermore, we assume that there are K = 9
SAs, each containing N; = 9 reflecting elements. The dataset
consists of 20,000 randomly generated fault scenarios, split
into training and testing sets at a ratio of 0.8 : 0.2. During the
training stage of the proposed TEDF and TEDS algorithms for
estimating the location of the MU, we assume that the MU
is uniformly distributed within three grids measuring 10 m
in length, 10 m in width, and heights of 0.5 m, 1.5 m, and
2 m, respectively. The dataset consists of 60,000 samples,
each sample has the MU’s coordinates, the condition of faulty
elements on the RIS panel, and the corresponding signals
received by both the BS and RIS. The dataset is split into
training and testing sets at a ratio of 0.8 : 0.2.

Fig. 6 presents the cumulative distribution function (CDF)
of faulty element detection accuracy* for different algorithms.
The blue curve, labeled “TPTF DenseNet’, signifies the TPTF
algorithm transferring the DenseNet 121 architecture. Con-
versely, the purple curve, labeled ‘TPTF ResNet’, represents
the TPTF algorithm using ResNet 18. Furthermore, the yellow
and red curves, labeled ‘OPTF DenseNet’ and ‘OPTF ResNet’

4The accuracy metric in our study requires identifying all faulty elements
for a correct detection. The dataset consists of 20,000 randomly generated
fault scenarios, split into training and testing sets at a ratio of 0.8 : 0.2.
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respectively, represent the benchmarks of the one phase
transfer learning (OPTF) algorithm transferring DenseNet
121 and ResNet 18. As depicted in Fig. 6, the proposed
TPTF, by sequentially detecting the faulty SAs and internal
faulty elements, optimally harnesses DenseNet 121 or ResNet
18 for targeted faulty element detection, thus amplifying
accuracy. Contrarily, the OPTF algorithm does not first detect
the subarrays and then the elements within the subarrays,
resulting in the number of elements (or labels) to be classified
surpassing the performance capacity of DenseNet (or ResNet).
Consequently, the performance of the OPTF algorithm is
inferior. Significantly, the proposed ‘TPTF DenseNet’ achieves
commendable detection outcomes, with a 80% probability of
attaining a 91% detection accuracy, surpassing ‘TPTF ResNet’,
‘OPTF DenseNet’, and ‘OPTF ResNet’, which have the accu-
racies of 76%, 74%, and 71% at the identical confidence
interval. In summary, Fig. 6 emphasizes the superior detection
performance of the propose ‘TPTF DenseNet’ algorithm.

Fig. 7 presents the detection accuracy of the proposed
TPTF algorithm under different signal-to-noise ratios (SNRs),
showecasing its performance in test scenarios with a specified
number of faulty elements, Ng,, = 10, 15, 20. These numbers
are exclusive to the testing phase. As delineated in Fig. 7,
the TPTF algorithm maintains remarkable efficacy, achieving
a 92% detection accuracy at an SNR of 10 dB even faced
with 20 faulty elements. Moreover, in challenging conditions
with an SNR as low as 0 dB, the detection accuracies remain
robust at approximately 91.7%, 93.6%, and 94.5% for 20,
15, and 10 faulty elements, respectively. This underscores the
robustness of the proposed TPTF detection algorithm in low
SNR scenarios.’

In Fig. 8, we delve into the TPTL algorithm’s effectiveness
in identifying faulty elements under variable MU locations,
particularly focusing on p,, = (15,6,2) m and p,, = (40, 6,0)
m with up to 10 faulty elements, extending to p,, = (40, 6,0)
m for scenarios encompassing up to 15 faulty elements. It is
observed that there exists a marginal improvement as the

SExploring additional evaluation metrics such as precision, recall, and
F-score represents an interesting avenue for future work, promising to provide
deeper insights into model performance.
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Fig. 9. Losses of TEDF algorithm and TEDS algorithm in Stage I and Stage II.

distance between the MU and the RIS-BS system narrows,
especially in environments characterized by lower SNR values.
However, the detection accuracy remains the same when SNR
is larger than 20 dB. This reveals that changes in the MU’s
position do have some effect, but it’s not significant. Moreover,
as the SNR increases, this impact diminishes.

The essence of these observations lies in their testament
to the TPTL algorithm’s versatile performance across diverse
spatial arrangements and signal conditions. This demonstrates
not just the algorithm’s capability to adjust its performance
based on the proximity and configuration of the MU relative
to the BS and RIS, but also its robustness and reliability
in a variety of operational environments. This versatility
is paramount for ensuring the algorithm’s applicability and
efficacy in real-world deployments, where environmental and
situational variability is the norm.

Fig. 9 showcases the train and test loss curves of two
algorithms, i.e., TEDF and TEDS, employed for MU coor-
dinate estimation. Specifically, Fig. 9a displays the iterative
convergence behaviors of train and test losses for the TEDF
algorithm. It is evident that by approximately 20 epochs,
both train and test losses for the TEDF algorithm have
converged. Although there are minor fluctuations in the test
loss afterwards, their magnitude is negligible. Additionally,
in Stage I of the TEDS algorithm, we employs the CNN-VAE
network, which uses low-dimensional signals, y, to reconstruct
complete high-dimensional RIS received signal at the RIS,
y,.. Fig. 9b presents the train and test losses of the proposed
CNN-VAE network. During training, there is a rapid decline in
both train and test losses initially, followed by a more gradual
reduction. This demonstrates the complexity of reconstructing
higher-dimensional information from low-dimensional infor-
mation as well as the challenge of restoring signals expected to
be received by faulty elements. The losses appear to stabilize
around the 500-th iteration. Lastly, Fig. 9c represents the
convergence behavior for train and test loss in Stage II of
the TEDS algorithm, where losses converge around the 15-th
epoch with negligible fluctuations. Comparing Fig. 9c and
Fig. 9a which employ transfer learning with Fig. 9b, the
advantages of transfer learning are evident. By leveraging
transfer learning, the number of required train epoches is
significantly reduced while maintaining accuracy, making it
highly suitable for the complex and dynamic environments
anticipated in 6G. This offers valuable insights for future
RIS-aided localization systems.

=

=N

—e—TEDE,N,_ =15
- v -TEDF, N, =10
RISInf., N_ =15
fau
—4—TEDS,N, =15
- A -TEDS,N, =10
——4--RIS Inf, N, =0
Opt. RIS, N, =0

Cumulative distribution function
S 8 % 8%

w/o Detection, N_ =15
fau

0 fided . . . .
0 0005 001 0015 002 0025 003 0035 004 0045 005
NMSE

Fig. 10. Comparison of TEDF and TEDS algorithms when Np,, = 10, 15.

Fig. 10 employs normalized mean square error (NMSE) to
compare the localization accuracy of the TEDF and TEDS
algorithms for Np,, = 10 and Ng, = 15. The curves labeled
‘TEDF, Nt = 10’ and ‘TEDF, Ng,, = 15’ correspond to
scenarios using BS information as a fingerprint, while “TEDS,
Niyy = 10’ and ‘TEDS, Ng, = 15° represent the utilization
of RIS information as a fingerprint for the same Ng,, values.
The figure clearly shows that employing high-dimensional RIS
information significantly improves localization performance
compared to using lower-dimension BS information, even
in the presence of faulty elements. This underscores the
advantage of leveraging high-dimensional RIS information.
Furthermore, the figure demonstrates that the localization per-
formance remains relatively stable with minimal degradation
when the number of faulty elements increases from 10 to 15,
emphasizing the robustness of the proposed algorithms against
faulty element variations.

Fig. 10 also presents the curves representing scenarios
where RIS information is used as a fingerprint but without
processing through the CNN-VAE network. These scenarios
are for RIS with no faulty elements and RIS containing
15 faulty elements, labeled as‘RIS Inf., Ny, = 0°, and ‘RIS
Inf., Npy, = 15°, respectively. As a comparison in the picture,
the curves ‘TEDS, N, = 10’ and ‘TEDS, Ngy, = 15° show a
minor gap with the ‘RIS Inf., Ng,, = 0’ curve but a significant
gap with the ‘RIS Inf., Ng,, = 15’curve. This observation sug-
gests the effectiveness of the proposed CNN-VAE network in
reconstructing the complete high-dimensional RIS information
and demonstrates that we can regain the localization accuracy
with the proposed algorithms.
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SNR = 10, 30 dB.

Furthermore, Fig. 10 also presents the scenarios that train
the TEDS algorithm with the same loss but without the
detection result, which is labeled as ‘w/o Detection, Np,, =
15°. Tt is shown that even though without the detection result
of the faulty elements, the proposed integrated CNN-VAE
network can still reconstruct the essential localization-related
information. Additionally, Fig. 10 includes a curve labeled
‘Opt. RIS, Np, = 0°, which represents scenarios where the
information of a RIS without faulty elements is used as a
fingerprint, with its phase shifts optimized to maximize the
received SNR [46]. As a comparison, there exists marginal
gap between ‘Opt. RIS, Ngy = 0’ and ‘RIS Inf., Ngy, =
0, highlighting the robustness of the RIS information based
localization algorithm against the unoptimized phase shifts.
We conjecture that the reason for this phenomenon lies in that
the localization accuracy is dominated by the high-dimensional
RIS information, and therefore the phase shift design does not
play an important role.

Fig. 11 utilizes NMSE to compare the performance of
the TEDF and TEDS algorithms under two distinct SNR
conditions, i.e., SNR = 10 dB and SNR = 30 dB. The red,
purple, green, and orange curves respectively represent “TEDF,
SNR = 10 dB’, ‘TEDF, SNR = 30 dB’, ‘TEDS, SNR =
10 dB’, and ‘TEDS, SNR = 30 dB’. As depicted in Fig. 11,
the localization performance of the TEDF algorithm exhibits
sensitivity to SNR variations, leading to a measurable reduc-
tion. In contrast, the TEDS algorithm showcases remarkable
robustness against SNR variations, as evidenced by the near
overlap of the red and green curves. We conjecture that the rea-
son for this phenomenon lies in that the employed CNN-VAE
network can effectively against the variations of SNR. Such
observations underscore the superiority of the proposed TEDS
algorithm, suggesting that the localization algorithm remains
highly effective even in diverse and intricate communication
scenarios. This further supports the notion that localization
performance can indeed benefit from the high-dimensional RIS
information even with the faulty elements.

Fig. 12 compares the NMSE of the proposed TEDS
algorithm and TEDF algorithm with the near field and far
field effects. As shown in Fig. 12, it can be observed that
when employing the TEDF algorithm, the localization per-
formance under near-field conditions significantly surpasses
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that in the far-field. However, with the application of the
TEDS algorithm, while localization accuracy in the near-field
still outperforms the far-field, the advantage is not as pro-
nounced. We infer that this phenomenon is attributable to
the richer localization information available in the near-
field. Nonetheless, the dominant role of the high-dimensional
RIS information reconstructed by the TEDS algorithm miti-
gates the disparity in gains between the near and far fields.
Moreover, Fig. 12 also corroborates the effectiveness of the
proposed algorithm in both near-field and far-field conditions,
underscoring its robustness and adaptability across different
propagation environments.

Fig. 13 compares the NMSE of the proposed TEDS
algorithm with the integrated CNN-VAE network and with
the CNN-Interpolation method. As shown in Fig. 13, the
CNN-Interpolation method shows some improvement over the
TEDF algorithm. However, there is still a significant gap
when compared to the TEDS algorithm that utilizes the CNN-
VAE network. This comparison validates the superiority of
our proposed TEDS algorithm, especially in addressing the
capability of restoring the lost RIS information.®

In this study, the VAE model is trained to reconstruct complete RIS
information from the incomplete data represented by ¥,.. For future endeavors,
an appealing research direction would be to supervise the training of the
VAE with complete RIS information originating from an undamaged RIS,
presenting a substantial avenue for further exploration and refinement.
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VIII. CONCLUSION

This paper has investigated the localization algorithm design
based on the high-dimensional RIS information in the presence
of faulty RIS elements. We have designed a TPTL algorithm
for faulty element detection. We have proposed a TEDS
algorithm to clear their harmful impact, unleashing the gain
of RIS on localization. At Stage I, we have reconstructed
the complete high-dimensional RIS received signal from the
low-dimensional BS received signal. At Stage II, this recon-
structed RIS information has been input to the transferred
DenseNet to estimate the location of the MU. We have
also proposed a low-complexity TEDF algorithm which
only utilizes the low-dimensional BS information. Simulation
results have demonstrated that we can effectively benefit
from the high-dimensional RIS information even with faulty
elements.
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