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Abstract In this paper, the channel estimation (CE) of intelligent reflecting surface-aided near-field (NF) multi-user
communication is investigated. Initially, the least square (LS) estimator and minimum mean square error (MMSE) estimator
for the estimated channel are designed, their mean square errors (MSEs) are derived, and the Cramér-Rao lower bound
(CRLB) is derived to serve as a benchmark for performance evaluation. Subsequently, in view of the fact that the NF channel
model is more sensitive to distance variations compared to the far-field model, this leads to pronounced discrepancies in the
user channel characteristics in different regions. To effectively capture and utilize these diverse channel features, users are
initially divided into distinct regions predicated on pivotal parameters, such as channel angle and distance. Correspondingly,
a user region classifier based on convolutional neural networks is designed. Then, to fully harness the potential of deep
residual networks (DRNs) in denoising, the aforementioned CE problem is reconceptualized as a denoising task, and a
DRN-driven single region NF CE network, named SR-DRN-NFCE, is proposed. In addition, by integrating SR-DRN-NFCE
networks corresponding to different regions and conducting joint training in a federated learning (FL) manner, a new network
is obtained, named FL-DRN-NFCE. Simulation results demonstrate that the proposed FL-DRN-NFCE network outperforms
LS, MMSE, and no residual connections in terms of MSE, and the proposed FL-DRN-NFCE method has higher CE accuracy
than the SR-DRN-NFCE method.
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1 Introduction

Intelligent reflecting surfaces (IRSs), classified as either passive [1] or active [2], can accurately transmit
a signal, thereby improving the coverage and communication efficiency of that signal [3]. However, the
realization of this advantage relies on the precise acquisition of channel state information (CSI) [4]. In
IR S-assisted wireless scenarios, the introduction of IRSs increases the complexity and uncertainty of signal
propagation paths [5], making traditional channel estimation (CE) methods difficult to apply directly.
Consequently, how to efficiently and accurately estimate the complete CSI, including the influence of IRS,
has become an urgent and challenging core task in the research field of IRS-aided wireless technology [6].

1.1 Prior work

A diversity of new algorithms and techniques have been investigated by scholars for the CE problem of
IRS-aided communication networks [7]. For example, three channel estimators were developed by Wang
et al. [8] for the uplink CE of IRS-assisted multi-user (MU) massive multiple-input single-output (MISO)
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systems. Specifically, the first estimator cleverly utilized the element sparsity of cascaded channels for op-
timization; the second estimator delved into the sparsity of the common row structure inherent in the IRS
to base station (BS) channel; finally, the third estimator further integrated the sparsity of common row
and column structures induced by the limited scattering environment around the user, thereby achieving
more refined CE. In addition, a Bayesian CE method for IRS-enabled millimeter wave (mmWave) massive
multiple-input multiple-output (MIMO) networks was proposed by Kim et al. [9]. Numerical analysis
indicated that the introduction of active sensors significantly reduced the needed training cost of the
designed CE algorithm. Subsequently, a two-stage strategy was proposed by Chen et al. [10] for estimat-
ing the sensing and communication channels in a self-sensing IRS-aided mmWave integrated sensing and
communication (ISAC) network. Experimental results verified the availability of the constructed two-
stage scheme. In 2022, two novel anchor-assisted CE methods were investigated by Guan et al. [11], and
the results showed that scheme I was most suitable when the BS had a significant quantity of antennas,
whereas scheme II was more effective otherwise. In addition to focusing on researching high-performance
and low-complexity CE algorithms, a productive transmission protocol for CE and beam tracking was
developed by Zheng et al. [12], which independently processed satellites as well as users in a distributed
way, greatly lessening the complexity of implementation.

In addition, the inherent transceiver hardware impairments (HWIs) inevitably introduce additional
noise and distortion, causing the training pilot signal and received signal to deviate from their ideal states,
which in turn substantially increases the complexity of CE. The inaccuracy of CE results will further
adversely affect the system performance [13]. Therefore, the impact of HWI must be fully accounted for in
the design of CE algorithms. To achieve this objective, it may be necessary to integrate HWI models into
the estimation process or adopt compensation techniques to effectively mitigate their negative effects [14].
Concurrently, the presence of HWI issues has motivated academic research toward exploring more robust
CE approaches. For instance, Li et al. [15] theoretically formulated the ergodic sum-rate of the IRS-
assisted non-orthogonal multiple access (NOMA) uplink in the face of CE errors and HWI. Specifically,
the IRS phase shift was configured based on the statistical CSI, followed by the linear minimum mean
square error (LMMSE) CE of the equivalent channel spanning from the user to the BS.

Technically, traditional CE methods mainly rely on signal processing techniques and statistical models,
such as least square (LS) CE and minimum mean square error (MMSE) CE. These methods can estimate
the channel state to a certain extent, but they are often limited by the complexity of the model and
the limitations in prediction accuracy. In particular, in complex and changeable wireless environments,
the prediction accuracy and adaptability of traditional methods are often difficult to comply with the
realistic demand.

Recently, deep learning (DL), as one of the core branches in the domain of artificial intelligence, has
made extraordinary breakthroughs in two key areas, namely, image recognition and natural language
processing, by virtue of its excellent ability in automatic feature extraction and complex pattern recogni-
tion. The application of DL in the area of CE is expected to break through the drawbacks of traditional
approaches and enhance the correctness and adaptability of CE. For instance, Ye et al. [16] elaborated a
conditional generative adversarial network (cGAN) architecture that could effectively estimate the char-
acteristics of cascaded channels exploiting the received signal as a conditional variable. The experimental
analysis fully verified that the cGAN approach exhibited excellent robust performance in the context
of IRS-assisted communication networks. Subsequently, a graph neural network (GNN)-based CE algo-
rithm was proposed by Ye et al. [17], which could maintain good performance with low pilot overhead.
Moreover, existing neural network-based approaches typically involve the manual design of network archi-
tectures through a trial-and-error process, demanding extensive domain knowledge and human resources.
Therefore, an automated method for constructing a high-performance neural network architecture for CE
was designed by Shi et al. [18], which provided the most accurate estimation of CSI over other benchmark
CE methods. Specifically, Chu et al. [19] explored an adaptive and robust estimator for time-varying
mmWave channels, considering the use of more general arbitrarily shaped IRS, in contrast to classical
regular IRS elements arranged on a grid. To reduce the complexity, a DL-based solver using fixed-point
iteration and a cascaded DL network framework was studied. The proposed DL-based method exhibits
lower complexity when compared to the alternating optimization (AO)-based approach, making it suit-
able for highly dynamic communication scenarios. In addition, as a critical information hub bridging CSI
acquisition and network parameter optimization, the transmission efficiency and reliability of CSI feed-
back play a pivotal role in determining the overall performance of communication systems. To address
this, a decoupled representation learning-enabled neural network was proposed by Xu et al. [20], which



Wang Y, et al. Sci China Inf Sci July 2025, Vol. 68, Iss. 7, 170309:3

leveraged the uplink CSI characteristics to achieve selective compression feedback.

However, most of the aforementioned CE approaches are based on assumptions of far-field (FF) channel
models [21]. This is because traditional wireless communication networks, i.e., the first generation (1G)
to the fifth generation (5G), rely heavily on the spectrum below 6 GHz or even below 3 GHz. Due
to wavelength limitations, these networks typically employ smaller antenna arrays. The combination
of low-dimensional antenna arrays and lower frequencies typically limits the range of wireless near-field
(NF) communications to a few meters, or even a few centimeters [22]. Therefore, the depiction of
traditional wireless communication networks is commonly based on FF assumptions. The 6G network
architectures are expected to introduce larger antenna aperture designs and incorporate high frequency
band resources, e.g., centimeter-wave, mmWave, and even terahertz, which will considerably enhance
the NF effect characteristics of the network. The fusion application of emerging manners such as IRS
[23], extra large-scale MIMO (XL-MIMO), and cell-free MIMO, predicts that NF scenarios will become
increasingly prevalent in future wireless communication. Consequently, the traditional assumption based
on FF plane waves will no longer be the dominant analytical framework, and new theoretical channel
models need to be sought to adapt to this change. As a result, more and more researchers have embarked
on relevant studies focusing on NF communication scenarios.

Characterization and estimation algorithms for NF sparse channels have become the focus of extensive
academic attention. Specifically, Pisharody et al. [24] innovatively proposed two algorithms aimed at
accurately estimating the NF uplink channel in XL-MIMO systems. These algorithms cleverly exploited
the spatial non-stationary characteristics unique to XL-MIMO channels, although the implementation
was accompanied by relatively high computational complexity. In a follow-up study, a low-complexity
sequential angle-distance CE (SADCE) scheme for NF XL-MIMO networks furnished with uniform planar
arrays (UPAs) was designed by Huang et al. [25]. Notably, the prominent energy leakage effect in NF
XL-MIMO channels constituted one of the key factors affecting the CE performance. To cope with the
difficult problem of compressed CE in XL-MIMO models, Guo et al. [26] innovatively proposed a triple
parametric decomposition (TPD) structure. The simulation verification showed that this TPD skeleton
considerably refined the system performance over the current state-of-the-art technology. In particular, an
efficient model-based DL algorithm was investigated by Zhang et al. [27] to estimate NF wireless channels
for XL-MIMO communications. This algorithm constructed a sparse dictionary model based on spatial
grids, which transformed the NF CE task in XL-MIMO systems into an optimization problem under
the compressed sensing (CS) framework. Subsequently, the learning iterative shrinkage and thresholding
algorithm (LISTA) was used to efficiently solve the CS problem.

However, the existing NF CE methods are mostly focused on XL-MIMO systems without IRS as-
sistance, whereas corresponding CE methods for IRS-aided NF communication environments have also
been explored and investigated in depth. A low complexity CE strategy based on the assumption of NF
spherical wavefront was designed by Yang et al. [28]. To decrease the pilot overhead and computational
complexity, this strategy simplified the CE process into two stages. The first stage focused on the an-
gle domain variable estimation between the BS and users employing the hybrid beamforming structure,
whereas the second stage further estimated the cascaded angle domain and polar domain factors of XL-
IRS. However, in this NF channel model, only the line-of-sight (LoS) component was considered, while
the non-line-of-sight (NLoS) component was ignored.

1.2 Owur contributions

Motivated by the aforementioned discussions, deep residual network (DRN)-based CE algorithms will be
investigated for the IRS-aided MU NF communication. To the best of our knowledge, there is relatively
limited research on the application of DRN for CE in IRS-assisted MU NF communication systems,
especially considering both direct and cascaded channels containing LoS and NLoS components. The
core contributions of this paper are condensed into the following succinct summary.

(1) To begin with, an IRS-assisted MU NF communication system is constructed. For the NF chan-
nel model, unlike the work by Yang et al. [28], which solely focused on the LoS component, the NLoS
component is taken into account in this paper to offer a more holistic portrayal of the NF channel charac-
teristics. Moreover, the CE problem for both direct and cascaded channels is concurrently investigated in
this paper, in contrast to the prevalent focus solely on cascaded CE in most studies. Subsequently, the LS
estimators for direct and cascaded channels are designed. Correspondingly, the closed-form expression for
the mean square error (MSE) of the LS estimator is derived, and the Cramér-Rao lower bound (CRLB)
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is derived to serve as a benchmark for performance evaluation.

(2) Considering the heightened sensitivity of NF channel models to distance variations compared to FF
models, this leads to significant differences in channel characteristics among users across distinct regions.
To capture and utilize these diversified channel characteristics, users are partitioned into distinct regions
based on key parameters such as channel angle and distance. Accordingly, a user region classifier (RC)
based on convolutional neural networks is designed. Simulation results show that the accuracy of the
proposed RC approximates 95% in the high signal-to-noise ratio (SNR) range.

(3) The CE problem in IRS-assisted MU NF communication systems is re-envisioned as a denoising
task, and a DRN-driven single region NF CE, namely, SR-DRN-NFCE network, is designed by lever-
aging the denoising advantages of DRN. Then, we propose an innovative CE framework that integrates
SR-DRN-NFCE networks from different regions through collaborative training based on federated learn-
ing (FL), ultimately developing a novel network called FL-DRN-NFCE. Simulation results reveal that
the proposed FL-DRN-NFCE network exhibits a lower level of MSE over the scheme without residual
connections. In addition, compared with traditional methods such as LS and MMSE, the proposed FL-
DRN-NFCE algorithm successfully reduces pilot overhead by five-sixths through the powerful feature
extraction capabilities of DL technology.

1.3 Organization and notation

The remainder of this paper is structured as follows. In Section 2, the system model of an IRS-aided MU
NF communication is established. The CRLB is derived in Section 3. In Section 4, the RC, and the FL-
DRN-NFCE network are proposed, and the computational complexity of the aforementioned networks is
also given. Finally, the simulation results and conclusion are presented in Sections 5 and 6, respectively.

Notations. Throughout this paper, matrices are denoted by boldface uppercase letter (e.g., A), vectors
by boldface lowercase letter (e.g., a), and scalars by lowercase letter, (e.g., a). Moreover, Ce*t stands
for the space of a x b matrices with complex entries. The real part is represented by Re{-}, whereas
the imaginary part is represented by Jm{-}. In addition, the sign (-)T denotes the transpose operation,
whereas (-)! stands for the conjugate and transpose operation. The signs || - ||z and || - || stand for the
2-norm and F-norm, respectively. The notation E{-} denotes the expectation operation, [A] represents
the estimation operation, and tr{-} is the trace operation. Furthermore, the identity matrix is denoted
by I, whereas the Kronecker and Hadamard products are respectively denoted by the symbols ® and ©.
In addition, diag{a} yields a diagonal matrix, where the primary diagonal elements are passively set to
the components of a. Finally, |-| indicates rounding down.

2 System model

As sketched in Figure 1, an MU NF wireless communication system, aided by an IRS, is taken into account,
with the IRS being strategically positioned between the BS and single-antenna users for communication
augmentation. The BS is furnished with an M-antenna array, while the IRS is composed of N reflecting
elements, both of which are set up in a UPA configuration. In MU communication systems, as described
in [29], a single user is often limited to information about a particular channel scenario, which leads to
the possibility that neural network models trained based on the dataset collected by a single user may fail
when the user crosses different regions. In order to overcome this limitation and ensure that the neural
network model performs well under a wide range of channel conditions, the whole cell is elaborately
divided into T independent regions, where ¢t = 1,2,...,T. For the convenience of subsequent analysis,
the count of users in the t-th region is explicitly defined as K;. In particular, users in the same domain
demonstrate highly similar channel characteristics, on the contrary, users distributed in distinct regions
exhibit differentiated channel characteristics. Most importantly, when users migrate between regions,
their channel characteristics may undergo notable changes, which puts forward higher demands for the
design of neural network-based CE algorithms with high robustness.

Let G € CN*M | f, . € CY*N and hy, € CP*M stand for the channels from BS to IRS, IRS to the k-th
user in the ¢-th region, and BS to the k-th user in the t¢-th region, respectively, where k = 1,2,..., K;.
The received signal at the k-th user positioned in the ¢-th region can be modeled as follows:

Y. = hypvr + fi OGUT + wy g, (1)
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Figure 1 (Color online) System model of an IRS-aided MU NF communication.

where x represents the transmitted signal originating from the BS, and v € CM>1 denotes the transmit
beamforming vector at BS. In addition, ® = diag{} € CV*¥ stands for the reflection coefficient
matrix of the IRS, and @ € C**. Moreover, w; j is the additive white Gaussian noise (AWGN) at the
corresponding user with wy  ~ CN(0,02).

Since f;,© = Odiag{ f: 1}, it can be intuitively deduced that f; ,©G = diag{ f; x}G. Consequently,
the core task of CE is to accurately estimate the following:

e CINHUXM =y ¢ k. (2)

H,; = l ) bk
diag{ fi.x}G
Correspondingly, Eq. (1) can be transformed into another form of expression as follows:
Y.k = OH, oz + wy i, (3)
where
=1 6] cC>WN+D, (4)
2.1 Channel models

2.1.1  Near-field channel model

Drawing inspiration from [30], it is assumed that the M antennas of BS’s UPA are arranged in an array
of My, x M, on the x-z plane, namely M = M, x M, where M, = QMmb—i—l and M., = QMzb—i— 1, and
the antenna spacing of this array is set to d, and d,; in the two dimensions, respectively. Additionally,
0y and ¢y signify the azimuth angle and elevation angle of the user relative to the x-z plane of BS,
respectively. Also, the distance between the user and the central of BS’s UPA can be represented as 7.
As a result, the coordinates of the k-th user situated in the ¢-th region can be given as

up, = (rp cos O sin @y, 74 Sin Oy Sin P, 14 COS Py ). (5)
Similarly, the coordinates of the (m,n)-th antenna of the BS’s UPA are obtained as follows:

bm,n - (ndibba 07 mdzb)a (6)
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where Vn € {—Mmb, e Mmb} and Vm € {—Mzb, . ,Mzb}.
According to [30], assuming d.p/m < 1 and d,p/rp < 1, we can derive the propagation distance
[lup — by || as follows:

lluy — byl = \/(rb cos Oy sin ¢y, — ndyp)? + (rp sin Oy sin @y )2 + (14 cos P, — mdp)?

- \/1 N n2d2, N m2d?,  2rpndgpcosOysingy  2rymd.y cos ¢y

- . 7
2 2 2 2 (7)

Subsequently, by applying the following second-order Taylor expansion to (7):

1 1
\/1+x%1+§x—§x2+0(172), (8)

then, Eq. (7) can be approximated as

2 72 2 12 m2d?
n°d2, (1 — cos® 6, sin” ¢y, dZ, sin
[[wy — by || = 7 —ndyp cos O sin ¢y, + o &) —md.,p, cos ¢y + bi(bb 9)
’ 27”5 27”5
h1, only depend on n ha, only depend on m

where h; and ho solely contingent on n and m, respectively.
Referring to the uniform spherical wave (USW) model of [31,32], the NF LoS MISO channel can be
formulated as follows:

T
12 _j2r _ - - _ _j2mn —b- - _
h%s — Bbe—JTnTb e J°x ||y bemb,szb” 7"%7)7 ...,e AN (I[ep meb,Mzb” ry) . (10)

Once the constant phase e 31X is taken out, the resulting phase of the array response vector (ARV) is
obtained, referred to as h; and ho. More specifically, the ARV of the BS-user channel is as follows:

a(Ov, b, 76) = ax(Ob, P, 70) @ @z (dv, 1), (11)
where
[au (B, dp,70)]., = — i ZE b _ i B (~nday cos by sin gyt Qdibufc;i 0 sin? %J), (12)
and
la.(¢p,1)],, =€ —iRhr — g 'j%(_mdz”ww”%i&%). (13)

As demonstrated in Figure 1, the multipath effect in the NF environment, originating from the refrac-
tion and reflection of signals triggered by scatterers, prompts the signals to reach the users via NLoS
paths, and this stochasticity endows the channel with dynamic characteristics, which urgently requires a
statistical model to capture its changing patterns. In this context, the channel from BS to scatterer can
be analogized to the MISO channel model, and thus, a novel expression of the NF multipath channel can
be constructed as follows:

Ly
ik = Boa(8, 60,75) + O Bo.ealB,e, bo.e, 7o.0), (14)
_,—/ —
LoS =1 NLoS
where Lj denotes the number of scatterers between the BS and the user, and £ = 1,2, ..., L;. Moreover,

Ob 2 ¢b ¢; T, and ﬁb ¢ represent the corresponding azimuth, elevation, distance, and channel gain of the
(-th scatterer, respectively.

Likewise, the UPA of the IRS is also placed in the x-z plane, parallel to BS’s UPA. For the k-th user
positioned in the ¢-th region, their coordinates relative to the IRS’s UPA are articulated by

Uq = (14 0804, 8IN @y, T SIN O, sin @y, 174 COS Oy ), (15)
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where 6,, ¢, are the user’s azimuth angle and elevation angle with respect to the IRS, respectively, and
rq 18 the user’s distance from the IRS center element. Correspondingly, the (p, ¢)-th element of the IRS’s
element array is given by

ap,q - (qd:uh O; pdza)7 VQ E {_Nxa; A 7Nxa}7 p 6 {_Nza; . -7Nza}7 (16)

where N = Npq X N.q, Ny = QNM + 1, and N,, = 2]\7za + 1. Correspondingly, the element spacing of
TIRS’s UPA along the x and z axis is represented by d,, and d.,, respectively.

Similar to (7), by employing (8), the distance between the k-th user in the ¢t-th region and the (p, ¢)-th
element of the IRS is as follows:

q?d?,(1 — cos? 0, sin” ¢,) p2d?, sin” ¢,

lwg — ap gll = re —qdyq cos b, sin ¢, + 5 —pd_q COS Pg + 5 (17)
a a
f1, only depend on g f2, only depend on p
Thus, referring to [30], the ARV of the IRS-user channel can be displayed as follows:
a(eaa¢avra) = az(eaa¢aaTa)®az(¢a7Ta)a (18)
where
Lo .2 . - 2dga(lfcos2 Oq sin2 ba)
[ax(9a7¢a7ra)]q _ e*JQT'fl _ e_J%(_qdra cos 04 sin pg+2 o ), (19)
and
Lo o, Lon . 242 sin? ¢4
[az(sf)a,ﬂz)]p — o iFEfr _ o iB (—pdacos g+ EETEE) (20)

As depicted in Figure 1, the presence of scatterers within the environment can elicit multipath effects in
the IRS-user NF channel. Hence, the channel between the k-th user in the ¢-th region and the IRS can
be formulated as

L,
.ft,k = Baa(oav Gas Ta) =+ Z ﬁa,la(oa,la ¢a,£a 'Fa,f)a (21)
—_——
LoS =1 NLoS

where L, is the count of scatterers between IRS and user, and the azimuth angle, elevation angle, and
distance of the (-th scatterer are represented as éayg, g?)ayg, and 7, ¢.

As can be illustrated in Figure 1, the NLoS MIMO path can be conceptualized as the fusion of two
distinct MISO channels with respect to the BS and IRS, respectively. As a result, the channel between
BS and IRS can be written as follows:

Lpa
G =Gres + Z Bea(Oa.e, doa.t, Tbae)a™ Oab.os Gab.os Tabe), (22)
=1

NLoS

where the quantity of scatterers is designated as Lj,. In addition, éba)g (éabj) is the azimuth angle of
the (-th scatterer with respect to the z-z plane of IRS (BS), and the elevation angle of the ¢-th scatterer
with respect to the x-z plane of IRS (BS) is signified as ngayg (gi;ab_,g). In particular, 74,0 (Tap,¢) denotes
the distance between the ¢-th scatterer and the central element of IRS (BS). More precisely, according
to [30], GLos can be embodied as follows:

GLos = Ba(Oba, Pva;Tba) (a(9ab, Gabs Tab))T o (G2 GY), (23)
where
[Gf]q,n _ efj Ai’;b ndzpqdza (1—cos? Oap sin® ¢ab), (24)
and
(G, = e e, (25)

In (23)—(25), Oba (Oap) and ¢pg (¢ap) represent the azimuth and elevation angles of the center of BS (IRS)
relative to the center of IRS (BS), respectively. Besides, 1o = 7ap = ||@0,0 — bo,0|| denote the distance
between the central of IRS and the central of BS. As evident from (23), the NF LoS MIMO path matrix
between parallel UPAs incorporates an interleaved variable, namely G¥ ® GZ, which cannot be simply
decomposed into the direct product of the ARVs of BS-side and TRS-side.
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2.1.2  Far-field channel model
As a comparison, the FF ARV can be specifically described as follows:
—_]2—7TM bd bCOSObSin¢b ]2—ﬂ]\~4 bd bCOSGb sin¢b T
afar(9b7¢b):|:e A TTERTE oo, €A TTENTE :|

27

- ~ T
_._27-[ 3 J 3
® [e JSEMzpdzp cos ¢b7 e Mpdp cos ¢b:| . (26)

Correspondingly, in this case, according to [30], the FF channel model between BS-user, IRS-user, and
BS-IRS can be modeled as follows:

Ly
A = Boasar (O, 60) + > Boe@sar(Ov.. o), (27)
e e
LoS =1 NLoS
L,
tf:ag = ﬁaafar(eaa ¢a) + Z Ba,éafar(ea,fa (ba,f)u (28)
_\,_/ —
LoS =1 NLoS
and
Lpa ~ ~ ~ ~ ~
G™ = G5 + > Brsar(Ova.0, Pva.0)an (Bab,e, bav.e), (29)
=1 NLoS

in which, in the FF scenario, the LoS component between the BS and IRS channels can be expressed as

- T
Gis = Basur (0ba, 91a) (@t (Oass d0n)) - (30)
2.2 Problem formulation

To ascertain the downlink direct and cascaded channel, i.e., H;j, BS transmits predetermined pilot
signals to users, facilitated by the IRS, spanning across @) time slots, where ¢ = 1,2,...,Q. Drawing
upon (3), yy,. , for the k-th user in the ¢-th region, in the g-th time slot, is mathematically formulated
as follows:

yf)k)q = qut,k'qu + Wt kq5 (31)

where the pilot signal transmitted by BS is signified as p,, and 6, stands for the IRS phase shift within
the current time slot. Also, wy j,q denotes the noise at the user of the current time slot.

Following the transmission of pilot signals across () consecutive time slots, we derive the comprehensive
@ % 1 received pilot vector as depicted below:

T
ythq = [yf,k,p y§k727 cee yf)]g)@] =®H,; jvpt kg + Wik, (32)
where ® = [0T, 6, ..., Og]T € COXNFY and wyp, = (W1, Wek2,---, W]t € C9%1. According

to [29], assuming p; i = 1 for the purpose of subsequent CE, Eq. (32) can be rephrased as
Yi = PHp v + wy g (33)
Due to the fact that vec(ABC) = (CT ® A)vec(B), Eq. (33) can be reformulated as

yf)k = ("2 ®) vec(Hy ) +wy = At_,kh;k + wy i (34)
—_——

Atk h;,k

It follows from (34) that the essence of CE lies in reconstructing hj , utilizing the known y;, and Ay .
According to [33], the estimated h; ; using LS estimator is provided by

;,k,LS = AI,kytp,kv (35)
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where A;k = AL (A xA},) ! denotes the pseudoinverse of Ay .
The estimation MSE of (35) is

evs = E{ A 4 — Bl prsl 3} = BB, — AL (ki + w3} = o2tr(AsAR) ). (36)

It is worth noting that since A;j = vT ® ®, v and ® need to be pre-determined to be constant values
as a prerequisite for CE. Consequently, according to [34], the transmit beamforming vector v randomly
selects their components from {—ﬁ, —|—\/%} Furthermore, based on [35], ® can be innovatively crafted

as a discrete Fourier transform (DFT), namely,

1 1 --- 1
1 Wh --- we 1
o7 - ¢ ¢ | ecwrxe, (37)
N N(Q-1)
1wy Wy
where Wy = el?7/Q Tt is worth noting that here, Dt k,q, U, ® are pre-designed to be fixed values for channel
estimation according to [29,34, 35|, respectively. However, related researchers have demonstrated that
proper pilot optimization as well as IRS phase shift configuration will bring additional performance gains.
The optimization of the pilot and IRS phase shift in channel estimation for IRS-assisted communication

systems will be our future research work.
Subsequently, the MMSE estimator for the channel h;ﬁ L 1S

N N
Rt i vivse = Wamsehy i s (38)

Correspondingly, the MMSE estimator obtains an estimate based on W to minimize the MSE in the
following given equation:

extuase = E{[|h] , — Wanuseh, . 153} (39)

By solving the problem presented in (39), the following outcomes can be derived:

2 —1
Uu
- Y T 7 —1 4
WMMSE Rht,kht,k,LS <Rht,k,LSht,k,LS + O':% > ’ ( O)
where Rh’;,kﬁ’;,k,LS = E{h} kﬁg{k)LS} represents the cross-correlation matrix between the actual channel
and the LS CE, while R’Ali,k,Ls’Ali,k,Ls = E{/ﬂ;kLS/};’;fHkLS} denotes the autocorrelation matrix of the LS
CE.

3 CRLB

The CRLB is often used to calculate the optimal estimation accuracy that can be achieved theoretically,
which can evaluate the effectiveness of proposed CE algorithms. For the CE problem (34), A; is a real
matrix, yﬁ L € C*! represents the known received signal, h; i denotes the channel to be estimated, and
wy j; is the whitened noise. Consequently, Eq. (34) can be divided into two parts, where the real part is

yf,k,u = At;kh;,k,u + Wi, kus (41)
and the imaginary part is as follows:

yf,k,v = At;khg,k,v + Wi kv, (42)
where

yﬁk,u = me(yf,k), yﬁk,v = 3‘“(2’4?,1@),

:&,k,u = Re( 1/5,19)’ ;,k,v = Jm( t,k)v
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Wy oy = Re(We k), Wik = IM(Wy ). (43)

2} . (44)

In this case, we first consider the real part (41). Since the wy ., follows the distribution of Gaussian
distribution with 0 mean and o2 variance, the conditional probability density function of Yr )., With the

given hj ; , is
2
} . (45)

Thus, the CRLB of iL; . can also be divided into two parts, which are shown as

2 ~
/ / /
tkou — TUku } + E{ t,koo — Ytk

%.,k—%fk"‘ﬁk—E{ '

1 1 ‘
S S S O
(2r02)@? TP\ 202

The Fisher information matrix of (41) can then be derived as

Dy, IR (Y 1e,ui Pt k,u) 1
[J]ij = —]E{ S : on, = 5 [ATk A, (46)
t,k,u,t t,k,u,g u

p R _ P /
pyt L (yt-,k-,u’ ht7k7u) - Yikou — At;kht,k,u

where R ;. ., 4, By denote the i-th and j-th entry of hj, ,. Then, the real part v is

t,k,u,j

/
tkau — "k

2} >t {21} = o2tr {(AT A1) (47)

Since Ay = vT ®@ ®, (AEkAt_’k)*l can be presented as

ata = (07w 6T0m)) (1)) o (0w )

Since tr(A ® B) = tr(A)tr(B) and tr(AT) = tr(A), thus, tr{(A}’, A¢1)~'} can be calculated as

tr {(AA) 7'} = tr<((wH)‘1>T>tr((<I>H<I>)‘1) = tr((wH)‘l)tr((@H@)‘l). (49)

Assuming {a;}M, is defined as the M eigenvalues of the matrix of vo!, and {3; jV:ng is defined as the
N + 1 eigenvalues of the matrix of ®7®, then

M N+1
tl"{(AEkAt,k)_l} = (Zail> ( Z ﬁj1>. (50)

Jj=1

According to [36], we have
N+1 2
H (N +1)?
tr{(AmAm) ( /Zm) (N+1) < (N+1 / Z @) (o) tr(@N®)” (51)
Finally, the CRLB of the real part of ﬁ; . becomes

%u,k—E{ h

/
tkou — TYku

2} oM (N +1)
=0, ——=.
Q
Observing (41) and (42), it can be seen that the real part and imaginary part have the same form,
namely

(52)

v u 2
Vip =Vikp =0p———. 53
the = Ytk 0 (53)
Thus, the CRLB of (34) is as follows:

Yok = Vik T Vg = 20 T (54)
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Figure 2 (Color online) Proposed G-DRN-NFCE framework.

4 Proposed G-DRN-NFCE algorithm

In this section, as shown in Figure 2, the proposed global DRN-NFCE (G-DRN-NFCE) framework is
introduced. Firstly, the basic principles of the proposed SR-DRN-NFCE network are elaborated in detail
in Subsection 4.1. Subsequently, in Subsection 4.2, a CNN-based RC network is designed to precisely
match datasets from different user regions with their corresponding SR-DRN-NFCE networks. Then,
the training details of the proposed FL-DRN-NFCE network are presented in Subsection 4.3. Finally, in
Subsection 4.4, the computational complexity of the above-mentioned networks is given.

4.1 Basic principle of the proposed SR-DRN-NFCE network

Specifically, the proposed SR-DRN-NFCE network introduces a non-linear function f., between y?, and
ﬁ; %.pRN> Which can be mathematically expressed as

~

Rl kprN = fo (Y k), (55)

where w represents weight. Accordingly, the expression for the loss function is as follows:

Stk
1 LY ~
L(w) = —St . E | h;7k7DRN - h:t,k,LS ||§7 (56)
s=1

where Sy, stands for the size of training dataset. The traditional LS CE scheme can be used to obtain

the label fAl; kLs- Lhe objective of exploiting the proposed SR-DRN-NFCE network for CE is to minimize
L(w) by optimizing w, which is

Stk
. 1 & -
ngnﬁ(w) = —t . E | fe(yf,k) - h;7k7LS ||§ . (57)
s=1

In each iteration 7, w is updated through the following way, namely,

Wit = wi — Aig(w;), (58)
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Table 1 Hyperparameters of the proposed SR-DRN-NFCE network. Input: The received pilot signal yf . With the size of Q x 1.
Output: The estimated channel with the size of (N + 1)M x 1.

Layer Operation Number of parameters
1 Conv+BN+ReLU (3x3x2)x32
2 RB (1x1x32)x16+4+(3x3x16)x 164 (1 x1x16) x 644 (1x1x32)x64
3 RB (1x1x64)x324+(3x3x32)x32+(1x1x32)x128+(1x1x64)x128
4 RB (1 X1 x128) x 64+ (3 x3x64)x64+(1x1x64)x 256+ (1x1x128) x 256
5 Conv (1 x1x256)x2
6 Avg-pool -
7 Linear (L%J><1><2)><((N+l)><M><2)+(N+1)><]W><2

Table 2 Hyperparameters of the proposed RC network.

Layer Operation Number of parameters
1 Conv+BN+ReLU (3x3x2)x32
2 Conv+BN+ReLU (3 x 3x32) x 64
3 Conv+BN+ReLU (3% 3 x64) x 128
4 Conv (1x1x128)x2
5 Linear (@x1x2)x(3x1x1)+(Bx1x1)

where g(w;) is the gradient vector (GV) for w; and A; is the learning rate (LR).

Specifically, as displayed in Table 1, the proposed SR-DRN-NFCE comprises two convolution (Conv)
layers, one average pool (Avg-pool) layer, one linear layer, and three residual blocks (RBs). The first
layer is configured as a Conv layer with padding set to 2, a kernel size of 3, and a stride of 1. This
design expands the input signal’s dimensions in height and width from @ x 1 to (Q +2) x (14 2), aiming
to meet the requirements of feature extraction in subsequent Conv layers and dimensionality reduction
in Avg-pool layers. Layers 2-4 consist of three consecutive RBs [37,38], characterized by their unique
approach: initially reducing the dimensionality of the feature map using a 1 x 1 Conv kernel, followed by
a standard Conv layer for feature extraction, and finally employing another 1 x 1 Conv kernel to expand
the count of channels in the feature map. This design strategy offers significant advantages in reducing
computational load and enhancing model efficiency. Additionally, to maintain dimensional consistency in
the residual connections, an extra 1 x 1 Conv kernel is utilized for dimensionality adjustment. The specific
parameter configuration of the second RB is detailed in Figure 2: the input feature map has dimensions
of (Q +2) x (1+2) x 64, and the output feature map has dimensions of (Q +2) x (1+2) x 128. Within
the 2nd RB, the number of channels is first reduced to 32, which halves the number of parameters in
the intermediate Conv layer for feature extraction, thereby lowering computational complexity. The final
1 x 1 Conv layer merely changes the number of channels, with relatively low computational complexity.
The fifth layer is equipped with a 1 x 1 Conv layer that further reduces the count of channels in the input
feature map to 2. The sixth layer is an Avg-pool layer with a kernel size of 3 and a stride of 2, which
decreases the height and width of the input feature map from (Q +2) x (1 +2) to [(Q +1)/2] x 1. The
primary role of the fifth and sixth layers is to decrease the input dimensionality for the seventh linear layer,
thereby effectively reducing the parameters and computational complexity of the linear layer. Ultimately,
the seventh linear layer is responsible for outputting the predicted signal, with an output dimension of
(N+1)x M x2.

4.2 Proposed RC network

As diagrammed in Figure 1, considering that the NF model is more sensitive to changes in distance,
angle, and other factors than the FF model, which results in significant differences in the channel charac-
teristics of users in different regions. In order to effectively capture and fully utilize these diverse channel
characteristics, the entire region is divided into T different sub regions. Therefore, in order to accurately
match datasets from different user regions with corresponding SR-DRN-NFCE networks, a CNN-based
RC is first designed.

As shown in Table 2, the proposed RC network architecture comprises four Conv layers and a linear
layer. To enhance the steadiness of the model and expedite the training efficiency, a batch normalization
(BN) is introduced between Conv and the rectified linear unit (ReLU). The first three layers are all “Conv
+ BN + ReLU” operations, where the Conv layer is responsible for extracting features from the input
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Algorithm 1 Proposed G-DRN-NFCE algorithm.

Initialization: initialize trainable parameters i, j = 0, raw training data ytp . and h;,k.

Training:
1: Input training dataset for all regions;
2: while j < J do
3 Update a by backpropagation (BP) algorithm to minimize the loss function of the RC;
4 j=7+1
5: end while
6: Output well-trained RC network;
Testing:
7: Input testing set;
8: do classification using proposed RC network in Figure 2;
9: Output classified dataset;
Training:
10: Input training dataset for the current region;
11: while ¢ < I; do
12: Update w by BP algorithm to minimize £(w);
13: =14+ 1
14: end while
15: Output well-trained SR-DRN-NFCE network;
16: Joint training of SR-DRN-NFCE networks corresponding to different regions in an FL manner;
Testing:
17: Input testing set;
18: do channel estimation using proposed FL-DRN-NFCE network in Figure 2;
19: Output estimated channel.

signal. Importantly, the count of channels in these layers progressively increases from the first to the
third. Specifically, the input of the proposed RC network is the received pilot signal yﬁ > Which includes
both real and imaginary parts; therefore, the initial number of channels is 2. Upon passing through the
first Conv layer, the channel number increases to 32, enabling the network to capture a broader range
of features. After the second Conv layer, the channel number escalates further to 64, enhancing the
network’s capacity to represent complex signal patterns. Finally, after the third Conv layer, the channel
number reaches 128, significantly boosting the network’s discriminative power and enabling it to better
differentiate between similar signals, particularly in regions where signals may overlap or exhibit similar
characteristics—this is crucial for capturing intricate patterns and subtle differences within the signal.
BN is employed to enhance training stability and accelerate convergence, while the ReLU activation
function introduces nonlinearity, thereby bolstering the network’s expressive capacity. The fourth layer
specifically utilizes a 1 x 1 Conv kernel for dimensionality reduction of the feature maps received from the
preceding layer, reducing the channel number back to 2. This step effectively reduces the parameters and
computational complexity of the subsequent linear layer. The entire network is meticulously designed to
efficiently extract signal features while mitigating computational load through dimensionality reduction.
Ultimately, the linear layer maps the signals to category labels, achieving precise and efficient region
classification of signals.

4.3 Proposed FL-DRN-NFCE network

Subsequently, as shown in Figure 2, the user datasets of all regions are input into the well-trained
RC network; then, users in each region calculate local GVs based on the current region’s dataset. As
described in [39,40], each user utilizes its local dataset to independently train and update local gradients,
then uploads the trained local gradients to the BS to update the global model. Once the BS has collected
the local GVs of all regions, collaborative training is performed between the BS and the user in an FL
manner, i.e., the BS updates the weights via the following manner:

T K

1
Wit1 = W; — AlTi Z gtk(wz) (59)
Zt:l Ky t=1 k=1

Finally, the well-trained FL-DRN-NFCE network is obtained in Figure 2. The well-trained FL-DRN-
NFCE network is developed through an FL framework based on SR-DRN-NFCE networks corresponding
to different regions. It maintains the same architecture configuration as the SR-DRN-NFCE network,
but its weight parameters are specifically distinct.

To sum up, the step-by-step summary of the proposed G-DRN-NFCE algorithm is shown in Algo-
rithm 1.
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4.4 Computational complexity analysis

4.4.1 For the proposed RC network
The computational complexity of the 1-st Conv [41] layer is

Cri=0((32-2-32) x (Q-1)) = O(576Q). (60)
Similarly, the computational complexity of the 2-nd and 3-rd Conv layers is
Cra = 0((32-32-64) x (Q-1)) = O(18432Q) (61)
and
Cry = O((3264-128) x (Q 1)) = O(T3728Q), (62)

respectively. From Figure 2, the computational complexity of the 4-th Conv layer is
Chry = (9((1 1-128-2) x (Q- 1)) = O(256Q). (63)

Under the premise of only considering multiplication operations, the computational complexity of the
final linear layer [42] of the proposed RC network is as follows:

OT5:O((Q-1-2)>< (T-1-1)) = 0(2QT). (64)
Therefore, the total computational complexity of the proposed RC network is
Cr =Cp1 + C’I"2 + Cr3 + Or4 + C’I"5 = 0(92992Q + 2QT) (65)

4.4.2  For the proposed FL-DRN-NFCE network

Based on Figure 2 and Table 1, the computational complexity of the 1-st Conv layer in the proposed
FL-DRN-NFCE network is

Cp1=0(322:32x (Q+2)-(1+2)) =0(1728(Q + 2)). (66)
In addition, the calculation method for the complexity of the three residual blocks is similar, as follows:

=0((1?-32-1643%-16-16 + 1% - 16 - 64 + 1> - 32 - 64) x (Q +2) - (1 +2)) = O(17664(Q + 2)),
Cfg_o((l +64-3243%-32-32+1%-32-128 + 17 - 64 - 128) x (Q +2) - (1 +2)) = O(70656(Q + 2)),
=0O((1?-128- 64437 - 64- 64+ 1% - 64 - 256 + 17 - 128 - 256) x (Q +2) - (1 +2))

= 0(282624(Q + 2)). (67)

The computational complexity of the Conv layer after three residual blocks is as follows:
Crs =0(17-256 -2 x (Q+2) - (1+2)) = O(1536(Q + 2)). (68)
The computational complexity of the linear layer of the proposed FL-DRN-NFCE network is as follows:
Crs=0([(Q+1)/2] - 1-2x (N +1)-M-2). (69)
Therefore, the total computational complexity of the proposed FL-DRN-NFCE network is

Cp=Cp+Crat Cps+ Cpa+ Cps + Cre = 0(374208(@ +2) +AM(N + 1)([(Q + 1)/2J)). (70)
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Figure 3 (Color online) Simulation parameter setups for an IRS-aided MU NF communication.
Table 3 Simulation parameter setups for the NF scenario.
Parameter Value
The azimuth angle of h; j in three regions 0, €{(0,3), (%,%), (2,m)}
The elevation angle of h; ;. in three regions oo € (5, %)
Distance between the user in three regions and BS rp, = {145,150, 155} m
The azimuth angle of f; ; in three regions 0. € {(0, %), (5,25), (3¢, m)}
The elevation angle of f; j in three regions ¢a € (F, %)
Distance between the user in three regions and IRS re = {20,25,30} m
Distance between BS and IRS Tab = Tha = 160 m
Carrier frequency f =10 GHz
_ e _ 3x10% _
Wavelength A= F = Tox109 = 0.03 m
Element spacing of IRS dya = dza = %
Antenna spacing of BS dep = dzp = 3
Width and height of IRS Lza = Nga X dgqg and L.q = Nzq X dzq
Aperture of IRS Dirs = /L2, + L2,

5 Simulation results

In this section, the simulation results are given to substantiate the validity of the proposed FL-DRN-
NFCE network. Firstly, the configuration of IRS assisted MU NF system is shown in Figure 3, which
consists of three regions with three users in each region. Specifically, M and N are considered to be
M = My, X My, = 3 x41 = 123 and N = Ny X N, = 3 x 41 = 123, respectively. The azimuth
angle and elevation angle of the center of BS’s UPA relative to the center of IRS’s UPA are 0y, = 7 and
®va = 7. The other specific parameter configurations are detailed in Table 3. Among them, the azimuths
of the hyj, and f;  channels are uniformly distributed in [0, 271) and are equally divided into three parts
corresponding to three different user regions in the system. In addition, as depicted in Table 3, the NF
distances between users in these three regions and BS and IRS are different. According to [43], r, and
rqp are consistent with the following equation:

2
——— < Rgpp = ——>=. (71)

Then IRS-assisted communication operates in the NF region.

For comparative analysis, in the FF scenario, the distances between users in the three regions and BS
and IRS are set as 7 gar = {400,500,600} m and r4 far = {300,400,500} m, respectively. Moreover, the
G channel contains L., = 15 NLoS path components, while the NLoS path components of the h; ; and
St channels in the three regions are L, = {2,4,6} and L, = {3,5,7}, respectively. Specifically, the
distance of the NLoS path components in hy j is defined to be generated in range of (Rmin b, RBmax,p) for
three regions, namely Ruyinpy = {20,21,22} and Ryaxp = {100,101,102}. Similarly, for f; x, we have
Ruin,a = {15,20,25} and Ruax,a = {20,25,30}. Furthermore, the distance of the NLoS path of G is
generated within the range of [30,120] and [25,100]. For the proposed FL-DRN-NFCE network, the
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Figure 4 (Color online) Accuracy of the proposed RC net- Figure 5 (Color online) Training and validation loss of the
work. proposed RC, SR-DRN-NFCE, and FL-DRN-NFCE network
versus the training epochs.
. . . . M(N+1) . e
required pilot overhead is considered to be set to Q1 = ——F— = 2542, while the traditional LS and

MMSE algorithms require a pilot overhead of Q2 = M (N + 1) = 15252.

As shown in Figure 3, there are a total of 9 users in the 3 regions, and each user collects 5000 training
samples. Therefore, for the SR-DRN-NFCE network, 3 x 5000 = 15000 training samples are collected, and
for the FL-DRN-NFCE network, 3 x 3 x 5000 = 45000 training samples are collected. We allocate 90%
of the samples to construct the training dataset, while the remaining 10% is reserved for the validation
dataset. The AdamW optimization algorithm is employed to update the model’s weight parameters,
with an initial learning rate of 1E—3. The training process spans a total of 150 epochs, during which
the learning rate is halved every 15 epochs until it reaches the minimum threshold of 1IE—6. Upon
completion of training, the model’s performance is evaluated on the validation dataset. Additionally, the
SR-DRN-NFCE network is trained with a batch size of 200, whereas the FL-DRN-NFCE network uses a
batch size of 256.

Figure 4 shows the accuracy of the proposed RC network versus different SNRs. From Figure 4, it
can be observed that as the number of region samples increases, the classification accuracy gradually
improves. When the sample size reaches 4000, continuing to increase the sample size does not improve
the accuracy significantly. Thus, each user is set to collect 5000 samples as a training set. Moreover, the
proposed RC network can reach 95% accuracy in the high SNR range.

As is clearly evident from Figure 5, the performance of the designed networks has stabilized and
converged in terms of loss on both the training and validation sets after 150 epochs, with the losses
falling within acceptable ranges. During the training process, to rapidly reduce the networks’ losses and
effectively mitigate overfitting, we adopted an LR decay strategy. Specifically, at the early stages of
training, we initialized the LRs to 1E—3. This relatively high initial value aided the models in quickly
capturing the primary features within the data. Following this, we halved the LRs every 15 epochs,
progressively decreasing the learning step sizes. The merit of dynamically adjusting the LRs in this
fashion is that it not only accelerates the convergence speed of the models, but also significantly boosts
their ultimate performance, ensuring stability and accuracy in handling complex tasks.

Figure 6 demonstrates the normalized MSE (NMSE) performance comparison of the proposed SR-
DRN-NFCE and FL-DRN-NFCE network versus different SNRs on the testing set from region 1. Ac-
cording to Figure 6, it can be noticed that the proposed SR-DRN-NFCE network trained only on region
1 achieved the lower MSE on the testing set on region 1. However, the proposed SR-DRN-NFCE network
trained in regions 2 and 3 did not work well in region 1.

Figure 7 describes the NMSE performance comparison of the proposed SR-DRN-NFCE and FL-DRN-
NFCE network versus different SNRs on the testing set from the whole region. It can be clearly remarked
that the proposed FL-DRN-NFCE network achieved reliable CE in the entire region’s test set, which
verifies that the training method based on FL can learn different channel characteristics of more users.

From Figures 6 and 7, it can be seen that both the proposed SR-DRN-NFCE and the proposed FL-
DRN-NFCE have smaller errors than their corresponding networks without residual connections, which
proves the denoising advantage of residual networks. The LS and MMSE schemes require significant
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Figure 6 (Color online) NMSE performance comparison for Figure 7 (Color online) NMSE performance comparison for
the region 1. the whole region.

pilot overhead to achieve good estimation accuracy, while the two proposed residual methods can achieve
better CE performance while reducing pilot overhead by five-sixths.

6 Conclusion

In this paper, the CE performance of an IRS-aided MU NF MIMO system has been investigated. The
LS estimator, MMSE estimator, and CRLB were derived. Subsequently, to reduce the pilot overhead
and improve the CE precision, the SR-DRN-NFCE and FL-DRN-NFCE were proposed. Compared with
traditional methods such as LS and MMSE, the proposed FL-DRN-NFCE network has successfully re-
duced the pilot overhead by five-sixths. Simulation results revealed that the proposed FL-DRN-NFCE
network presented a lower MSE compared to the scheme without residual connection. The accuracy of
the proposed RC approached 95% when the number of user samples was 5000. Finally, the computational
complexity of the proposed RC and FL-DRN-NFCE network was delineated. In the whole region, the pro-
posed methods were in ascending order in terms of MSE: FL-DRN-NFCE, SR-DRN-NFCE, MMSE, and
LS. In the extreme SNR range, the proposed FL-DRN-NFCE achieves about one-magnitude improvement
over SR-DRN-NFCE in terms of MSE performance. For future work, it is necessary to explore potential
solutions to address the performance bottleneck of the proposed method and narrow the gap between the
proposed method and CRLB, especially at high SNR levels.
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