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Abstract

Integrated sensing and communication (ISAC) technology enables the joint integration of
communication and sensing functions through the efficient utilization of spectrum/energy
resources. By further incorporating with the reconfigurable intelligent surfaces (RISs), the
wireless propagation environment of ISAC systems can be dynamically controlled, thereby
enhancing the overall sensing and communication (SAC) performance. In this context,
accurate channel estimation is a fundamental prerequisite for the efficient operation of the
RIS-assisted ISAC systems. However, the strong coupling between SAC signals from direct
and reflected channel links, as well as severe noise interference, limits the SAC channel
estimation accuracy. This paper proposes a novel two-stage channel estimation scheme for
RIS-assisted ISAC systems, where the direct and reflected SAC channels are respectively
estimated in the first and second stages. To mitigate the negative effects of noise interference
in each estimation stage, an extreme learning machine-based feature purification module is
precisely designed, improving the quality of received SAC signals and generating purified
channel features. Then, the dedicated deep neural network adopts the purified channel
features to estimate SAC channels. Simulation results demonstrate that, under different
signal-to-noise ratio conditions and channel dimensions, the proposed scheme achieves
superior estimation accuracy and strong robustness compared to the benchmark methods.

Keywords: channel estimation; extreme learning machine (ELM); feature purification;
integrated sensing and communication (ISAC); reconfigurable intelligent surfaces (RISs)

1. Introduction

Future wireless communication systems are evolving toward higher frequency bands,
large-scale deployment, and higher levels of intelligence. The traditional communication
approaches, which rely on boosting the transmit power and employing the complex signal
processing techniques, are progressively approaching their performance limits [1-3]. In this
context, reconfigurable intelligent surfaces (RISs) have attracted significant attention as a
novel programmable paradigm for controlling the wireless propagation environments [4,5].
RIS is composed of a large number of low-cost passive reflecting elements. Hence, it can
independently adjust the phase and amplitude parameters of the incident signals, thereby
enabling flexible reconfiguration of the propagation channel. Compared to the conventional
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active or large-scale antenna arrays, RIS possesses various advantages, such as low energy
consumption, simple hardware implementation, and flexible deployment [6]. By intelli-
gently manipulating signal propagation paths, RIS can effectively mitigate blockage and
multipath fading, while significantly enhancing system coverage and spectrum utilization
efficiency [7]. Building upon conventional passive RIS, recent studies have further extended
RIS architectures to more advanced paradigms, such as simultaneously transmitting and
reflecting RIS (STAR-RIS). It provides additional spatial degrees of freedom for wireless
transmission optimization [8]. The developments of the STAR-RIS further highlight the
increasing importance of efficient signal processing and accurate channel estimation for the
RIS-enabled wireless systems.

As wireless networks advance toward the 6G era, the scarcity of spectrum resources
and the growing demands for multifunctional integration have become increasingly pro-
nounced [9,10]. In response, integrated sensing and communication (ISAC) has emerged
as another promising paradigm. By sharing hardware platforms and spectrum resources
within a unified system framework, ISAC enables the deep integration of sensing and
communication (SAC) functionalities, thereby significantly improving resource utilization
efficiency and reducing system overhead [11-13]. Compared to the conventional architec-
ture in which communication and radar systems operate independently, ISAC is capable
of providing high-precision target detection [14], localization [15], and tracking [16] while
maintaining reliable communication performance. To further enhance these sensing ca-
pabilities, recent studies have investigated advanced beamforming and signal processing
techniques for extended target sensing, demonstrating significant improvements in sens-
ing accuracy and robustness. A predictive error ellipse-based beamforming scheme was
investigated in [17] to optimize the sensing accuracy under practical ISAC scenarios. The
work in [18] demonstrates that intelligent signal processing plays a key role in enhancing
ISAC performance and expanding its application potential. The dual functionalities of
ISAC make it highly promising for a wide range of applications, including the intelligent
transportation, autonomous driving, and industrial Internet of Things scenarios [19,20].

However, in ISAC systems, the sharing of spectrum and hardware resources inevitably
leads to the mutual interference between SAC signals. By reconfiguring the wireless prop-
agation environment, RIS can not only enhance the communication quality and sensing
accuracy, but its passive nature also contributes to reducing the overall energy consumption
of ISAC systems. As a result, the integration of RIS has become a key enabling technology
for ISAC systems [21-23]. In recent years, most studies on RIS-assisted ISAC systems have
primarily focused on the waveform design, resource allocation, and interference mitigation.
Nevertheless, the performance gains achieved by these approaches critically rely on the
availability of accurate channel state information (CSI) [24-26]. Since acquiring accurate CSI
from the received signals is a fundamental prerequisite for the ISAC-RIS system designs, it
is essential to address the practical channel estimation problems. Despite its importance,
channel estimation in RIS-ISAC systems faces several significant challenges [27]. First,
compared to the conventional systems with only direct channel links, the ISAC systems
assisted by the RIS possess both the direct and reflected SAC channel links. These sub-
stantially increase the channel dimensionality and the number of CSI parameters, thereby
leading to a higher estimation complexity. Second, since RIS is typically composed of
passive elements without signal processing ability, it is difficult to directly obtain channel
information at the RIS side, limiting the applicability of traditional pilot-based estimation
methods. Furthermore, in ISAC scenarios, the mutual interference between SAC signals
further exacerbates the uncertainty in channel estimation.

To acquire accurate CSI for RIS-assisted ISAC systems, extensive efforts have been
devoted to channel estimation techniques. Conventional channel estimation methods,
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such as least squares (LSs) and minimum mean square error estimators, have the advan-
tages of low computational complexity and easy implementation. Previous studies [27,28]
have emphasized that the conventional mathematical optimization techniques can achieve
satisfactory estimation performance, while their computational complexity increases sig-
nificantly with the growing dimensions of RIS-assisted systems, especially in large-scale
scenarios. Moreover, the complicated propagation characteristics introduced by RIS further
increase the difficulty of constructing accurate analytical models. Data-driven approaches,
on the other hand, can efficiently address highly complex optimization problems, including
those that are difficult to model analytically. By constructing various neural network (NN)
models, these methods establish nonlinear mappings between the received signals and
channel responses, thereby achieving high estimation accuracy with acceptable training
overhead. Representative studies employ deep neural networks (DNNs) to establish the
nonlinear mappings between the received signals and SAC channels, thereby achieving
higher estimation accuracy than the conventional model-based approaches. For instance,
in [29], two DNN architectures were respectively designed to estimate channels from the
reflected SAC links for RIS-assisted ISAC systems. In [30], a conditional generative ad-
versarial network is introduced, where conditional information guides the generator to
produce channel samples that are closer to the true distribution, demonstrating superior
accuracy and robustness. However, the above works only concentrate on the reflected SAC
channel estimation. Then, in [31], a convolutional neural network (CNN)-based channel
estimation method was proposed for an uplink ISAC-RIS system, where the direct SAC
channels, reflected communication channel, and reflected sensing channel are respectively
estimated in three stages. By controlling the on/off states of the RIS and the base station,
the channel estimation process is divided into multiple stages, which effectively reduces
the overall estimation complexity caused by the coupling of sensing and communication
channels. To reduce the training overhead, an extreme learning machine-based channel
estimation was investigated in [32] for a multi-user ISAC-RIS system, achieving satisfactory
estimation accuracy.

The LS estimator is commonly adopted as a baseline method due to its simplicity in
implementation. However, its limitations become increasingly pronounced in complex RIS-
assisted ISAC systems. On the one hand, the LS estimator is highly sensitive to the noise
interference, and its performance degrades significantly under low signal-to-noise ratio
(SNR) conditions. On the other hand, the reliance of LS estimation on the linear assumptions
makes it difficult to capture the inherent nonlinear characteristics of the ISAC-RIS system,
which may lead to estimation bias. Moreover, as the number of RIS elements increases, the
pilot overhead grows substantially, making it challenging to meet practical deployment
requirements. Therefore, it is critical to design an efficient, robust, and generalizable channel
estimation method for the RIS-assisted ISAC systems. Although existing deep-learning-
based RIS-ISAC channel estimation methods have achieved encouraging performance,
several limitations remain. First, most existing studies focus only on reflected channels or
require multiple estimation stages, without jointly considering both direct and reflected
sensing /communication channels in a unified framework. Second, existing ELM-based
methods mainly employ ELM as the channel estimator itself, while its capability for
feature purification and noise suppression has not been explored. Finally, existing methods
generally adopt a single estimation network, without considering the distinct characteristics
of direct and reflected channels. To address the above challenges in the existing literature,
this paper proposes a novel two-stage channel estimation scheme for a RIS-assisted ISAC
system. The direct SAC channels are estimated in the first stage, whereas the reflected
SAC channel estimation problems are solved in the second one. Note that, for each
estimation stage, an ELM-based feature purification module is introduced to suppress
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noise interference from the received signals and extract informative channel features. The
purified features are then input into the dedicated DNN for the SAC channel estimation,
improving estimation accuracy. The main contributions of this work can be summarized as
follows:

1. A two-stage estimation framework is proposed to tackle the coupling issue of the
SAC channels. By controlling the on/off states of the RIS, the overall estimation
problem is decomposed into two subproblems, enabling separate estimation of the
direct and reflected SAC channels. Compared with existing multi-stage or reflected-
channel-oriented methods, the proposed framework enables more accurate and robust
estimation of all required channels.

2. In each estimation stage, an ELM-based feature purification module is precisely
devised to mitigate the negative effect of noise interference. Different from the existing
ELM-based channel estimation methods that directly employ ELM as the estimator, the
proposed ELM module is dedicated to purifying the channel features. It extracts key
channel features from the received noisy signals and enhances signal quality, thereby
improving system robustness under noisy conditions. Moreover, by adopting the
purified channel features, two distinct DNN models are respectively designed for the
direct and reflected channel estimation, accommodating the different characteristics
of direct and reflected channels.

3. Extensive simulations are conducted to evaluate the performance of the proposed
method. Numerical results demonstrate that, compared to the benchmark meth-
ods, the proposed scheme achieves significant performance improvements in both
estimation accuracy and stability.

2. System Model

Consider a RIS-assisted ISAC system model in Figure 1. It consists of a full-duplex
(FD) ISAC base station (BS), sensing target, downlink user equipment (UE), and RIS. The
ISAC BS is equipped with M transmit antennas and one receive antenna, enabling it to
simultaneously sense the target and communicate with the single-antenna downlink UE.

ISAC BS UE

s@% b D
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o
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0oooo
0oooo
00000
0oooo
0oooo

RI
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Figure 1. RIS-assisted ISAC system model.

The RIS composed of L passive reflecting elements is deployed to assist the ISAC
system. It is worth noting that the placement of the RIS has a significant impact on
system performance. Therefore, in this paper, the RIS is assumed to be deployed near the
ISAC BS to achieve better performance [31]. In the target sensing procedure, the ISAC
BS transmits signals toward the target via two paths: the direct BS—target-BS link and
the reflected BS—target-RIS-BS link. The sensing channel coefficients of the BS—target-BS,
BS-target-RIS, and RIS-BS links are denoted by d & CMx1 ¢ ¢ CMXL and H € C*L,
respectively. For downlink communication, the ISAC BS transmits signals to the downlink
UE through both the direct BS-UE link and the reflected BS-RIS-UE link, where b € CcMx1
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and f € CL*! represent the communication channel coefficients of the BS-UE and RIS-UE
links, respectively. Due to the adoption of full-duplex operation, the BS experiences self-
interference (SI) while receiving uplink signals. Accordingly, the SI channel at the ISAC BS
is denoted by S € CMx1 n addition, let /\/ab ={a,a+1,...,b} denote the set of integers
from a to b, where a < b.

In Figure 2, a pilot transmission protocol is designed for estimating the SAC channels
in the RIS-assisted ISAC system. For the proposed two-stage channel estimation method,
let S; denote the number of frames in the I-th estimation stage, where | € N 12 The duration
of this stage spans from the (C5-1 4 1)-th subframe to the C-th subframe, with C% = 0,
and each subframe consists of P time slots. The ISAC BS transmits pilot sequences within

the (CS — C5-1) subframes. Specifically, in the c-th subframe, ¢ € ./\/ccsslllﬂ, the pilot signal

vector used at the p-th time slot, p € Nlp S’, is denoted as x?’ e CMx1, Accordingly, the
pilot signal matrix within this subframe is given by XS = [x?l, xgl, s, XIS?ISI € CMxP %
In addition, the RIS phase shift vector corresponding to the c-th subframe is denoted as
v2 € C*L, which remains constant within each subframe. Based on the above pilot
transmission protocol, the received signals at the ISAC BS and the downlink UE at the p-th

time slot of the c-th subframe are denoted by y?fp and r?fp, respectively expressed as

yg,’p = (dH +H diag{vgl }cH)xf,’ + SHx;SJ + n?,’p, (1)

H
P, = <bH + diag{ (v) }HH) Xy + wey. )

S S, S S S S,
oS, x1 le .. xp51 .- xl xz . xPS’

S, S, S;
vCS”l +1 stFl 12 .- vCSI

\ A J \ J
Y Y
(C% +1)-th subframe (C** +2)-th subframe (% -th subframe

Figure 2. Pilot transmission protocol.

Here, v?’ = [‘BCe]"Pfll, [Bcej‘/’fl, s, ,Bce]"Per}, where the amplitude and phase shift of
the [-th RIS element are denoted by B, € [0,1] and ¢.; € [0,27), respectively, with
l e NlL The additive Gaussian noise terms nffp and w?fp follow zero-mean complex
Gaussian distributions with variances ¢ and ¢?, respectively. It is worth noting that
the propagation environment between the transmit and receive antennas at the ISAC BS
typically varies slowly [33,34]. Therefore, the SI channel S can be pre-estimated at the
ISAC BS using the LS method, and the residual self-interference can be eliminated prior
to channel estimation [33]. From (1) and (2), we have H diag{v?’} = v?’ diag{H} and
diag{vfl }f = diag{f}v?’ . Thus, the equivalent reflected channels for the BS—target-RIS-BS

link and the BS-RIS-UE link can be defined as A = cdiag{H"} and G = Hdiag{f}.
Accordingly, (1) and (2) are further rewritten as

yip = (a4 v AT) 4, ®

H
r?fp = <bH + (v?’) GH) x?,l + w?’p (4)
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It should be emphasized that the SAC channel estimation problem becomes highly challeng-
ing, due to the mutual interference among SAC signals. Therefore, the pilot transmission
protocol designed in Figure 2 aims to estimate the sensing channels d and A at the ISAC
BS, as well as the communication channels b and G at the downlink UE.

3. Proposed Two-Stage Channel Estimation Scheme
3.1. Design of Two-Stage Estimation

To simplify the channel estimation problem, a two-stage estimation method is pro-
posed to sequentially estimate the direct and reflected channels. By controlling the on/off
states of the RIS, the direct SAC channels d and b are estimated in stage S;, while the
reflected sensing channel A and the downlink reflected communication channel G are
estimated in stage Sp.

From the 1st to the C51-th subframe, the direct SAC channels d and b are estimated in
S1. During this stage, all RIS elements remain turned off. Based on the pilot transmission
protocol, the signals received by the ISAC BS and the downlink UE in the c-th subframe are

s s .
denoted as y§1 € 1XP7 and g5t ¢ 1P respectively expressed as
S S S1
yo' =d"X% 0, ce N, (5)
S
£ = bHIXS 4w, ceNFT, (6)
S [,5 S S 1x PSI S o[5S Si 1xPSI
where n/ = |n carMeor- "nc,Psl S and w.' = W1, Wens - - .,wC,PSI IS denote

the noise vectors. To avoid mutual interference between SAC signals and improve estima-
tion accuracy, the pilot matrix X! is required to satisfy orthogonality conditions. Since
the columns of a discrete Fourier transform (DFT) matrix have constant modulus and are
mutually orthogonal, they can ensure interference-free training. Therefore, a DFT matrix
O is adopted, where its (1, v)-th element is given by O, ;) = ﬁe] S
pilot overhead, let Pt = 2M [35]. Hence, the pilot matrix X*! at the BS is constructed by
selecting the first M columns of the DFT matrix O.

In Sy, to estimate the reflected SAC channelS A and G, all RIS elements are transformed
to the on state from the (C51 + 1)-th to the C%2-th subframe. The ISAC BS and the downlink

UE receive signals in the c-th subframe accordingly, which are respectively given by

°. Considering the

v = (dH + V§2AH)XSZ +nZ,  ceNS @
H
P g

The pilot signal matrix X*2 is designed as an M x P52 DFT matrix in Sy, where the (1, v)-th
j2rm

element is given by X?fw) =1/vM /72", To satisfy the system requirement of low pilot

overhead, P%2 is set to M. In addition, the DFT matrix is employed to construct the RIS

T
T T T S S
phase shift matrix V92 = |:(V?51+]> , (vf:gl +2) ooy (v%sz) } c (C2-c 1)er with the

condition C2 — CSt > [ [31].

3.2. Design of Input—Output Pairs

In the channel estimation process, the receiver can typically only access noisy ob-
servations. Although directly performing estimation based on the raw received signals
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can achieve acceptable performance to some extent, it is often susceptible to degradation
caused by noise and interference. To address this issue, the proposed method divides the
overall channel estimation procedure into two independent modules. The first module,
referred to as the feature purification module, aims to extract informative features from
the received noisy signals to enhance the quality of the input data. The second module,
namely the channel estimation module, leverages the high-quality outputs provided by the
feature purification stage to accurately reconstruct the channel. As a result, the proposed
approach improves estimation accuracy and robustness under complex noise conditions.
In the following, the input-output pair design for the feature purification module and
channel estimation module are introduced.

3.2.1. Input—Output Pair Design for Feature Purification Module

The feature purification module takes noisy received signals as input, performs denois-
ing processing, and generates purified signal representations. While preserving essential
channel characteristics, it effectively suppresses noise interference, thereby providing more
stable and reliable inputs for subsequent channel estimation. Based on the signals received
at the ISAC BS and the downlink UE, the input-output mapping of the feature purification
module are further constructed for the two estimation stages.

In Stage S;: The direct sensing channel d is estimated at the ISAC BS, while the down-
link UE estimates the direct communication channel b. For the proposed method, the input
of the feature purification module at the ISAC BS, denoted by R BS’ is directly constructed
from the received signal ygl in (5). Similarly, the input of the feature purification module at
the downlink UE, R%lE, is formed based on the received signal 2! in (6), expressed as

S, .S s S, .S s T
= [%{[yf,yzll---,ycls,l}},%{[yf,yzlf---,yclsl]}} ; )

T
RO = [R5 0k 1L S5 ek 1] (10)

Here, #{-} and 3{-} denote the real and imaginary parts of a complex vector, respectively.
By constructing the corresponding outputs to approximate the ideal signals, the feature
purification process aims to learn the mapping from noisy received signals to noise-free
counterparts. Specifically, based on (5) and (6), the noiseless components df X5t and b X5
are extracted as targets. Accordingly, the desired outputs of the feature purification module
at the ISAC BS H%ls and the downlink UE HIS}E are given by

HJL — [&e{deSl} O{desl}] 11)

B, = [R{bXO), S (X ] (12)

In Stage Sy: The reflected sensing channel A is estimated at the ISAC BS, while
the downlink UE estimates the reflected communication channel G. The design of the
input-output pairs in this stage differs from that in Stage S;. For the proposed method,
the input at the ISAC BS, RBS, is constructed using the obtained direct sensing channel d
in Stage 51 together with the received signal yf’z in (7). First estimating the direct channel
in S can have a relatively reliable and noise-resilient estimation. Based on this result, the
influence of the direct-link component on the received signal can be effectively mitigated in
Sy, thereby reducing the solution space of the reflected channel and improving the overall
stability of channel estimation. Similarly, the input at the downlink UE, RUE, is constructed
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from the estimated direct communication channel b in S1 and the received signal r?z in (8).
Then, RSBZS and RISJZE are respectively given by

T
S S S S, ST S S T
RBZS = |:%{ |:yC2S1 +1’ yCzsl +2’ e ’yCst/ d :| }’ S{ |:yC2S1+1, yC251 +2’ ° ’yCSZ/ d :| }:| 4 (13)

T
RS — S T S S T
R = [%{[ Tesiyr C251+2’ ) Csz b C\{[rczlerl’rC251+2’ ) Csz /b }}} - (14)

H
Similarly, by extracting the terms (dHXSZ + vgz AHXSZ) from (7) and (bHX52 + (v?z)

GHX52> from (8), the ideal signal representations can be constructed. Accordingly, in the
second stage, the desired outputs of the feature purification module at the ISAC BS and UE
are given by

T
HY = [&e{dHXSZ +v2AFXS ), S {dFXS2 4 v?ZAHXSZ}} , (15)

H H T
Hy; = [éﬁ{bHXSz + (V?z) GHX*}, 3{pHXx* + (V§2> GHXSZ}] . (16)

3.2.2. Input—Output Pair Design for Channel Estimation Module

Based on the above input-output pair design of the feature purification module, the
channel estimation module takes the purified received signals ??’ and £ at the ISAC BS
and the downlink UE as inputs, respectively. The corresponding outputs of the channel
estimation module are directly determined by the true channel parameters.

In Stage S1: The purified received signals at the ISAC BS and UE, y?l and £, are used
to construct the inputs of the channel estimation module for the SAC links, respectively

given by
S, _S s S, _S S T
= [R50 T L ST T (17)
S S =S N
Ry = [éR{[rl AT 1 SRR ..,rcsl]}] ) (18)

At the ISAC BS, the output of the channel estimation module, ﬁ%ls, is constructed based
on the true direct sensing channel d. As for the downlink UE, the output of the channel
estimation module, ﬁIS}E, is generated from the true downlink direct communication
channel b. Hence, ﬁ%ls and Hy)y are respectively denoted by

s = [0}, 9(d"}] (19)

= [Rp"), 5067 20)

In Stage Sp: The input of the channel estimation module at the ISAC base station,
denoted by ﬁ%zs, is constructed from the purified received signals ??2 and the estimated
direct sensing channel dinS;. Similarly, using the processed received signals £2 and
the obtained downlink direct communication channel b in S, the input of the channel
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. . . =5 . . =5 =5
estimation module at UE is formed as R{ji. The corresponding expressions of Rgg and Ry
are respectively given by

BS = [éR{ {yc51+1’yc51 I r??:zszldT}} {{yc51+1’yc51 I /?izsz dT} }} Tr (21)

S 252 pT P pT
R = [, 2 2 B9, L2 ] @)

At the ISAC BS, the corresponding output of the channel estimation module, ﬁ%@, is de-
termined by the ground-truth sensing channel A. At the downlink UE, the output of the
channel estimation module, ﬁ{c’fE, corresponds to the true downlink reflected communica-

. =5 5 .
tion channel G. Here, Hgg and Hyj;; are respectively expressed as

Hit = [R{vec[A]}, S{vec[A]}]", (23)

H = [R{vec[G]}, S{vec[G]}]". (24)

3.3. Training Dataset Generation

To construct a complete training dataset containing V x Q samples, we first generate
V groups of original signal samples based on the received signals. Then, synthetic additive
white Gaussian noise is added to the original channels to create Q — 1 noisy replicas for
each original sample. The noise level is controlled by SNR;, = P,/ O'Czh , where P, and
03, denote the channel power and the variance of the additive noise, respectively [29].
This data augmentation strategy not only improves the robustness of the model but also
enhances its generalization capability, thereby improving channel estimation performance.
Taking the feature purification module as an example, based on the designed input-output
pairs, the training dataset at the ISAC BS can be expressed as

(rBS, K ) - {(RSBg(l,U,Hggu)), (Rggu,z),Hng(l)),..., (Rgg(LQ),H;'Sa)),
(R%ls(z,l),Hg’s(Z)),...,<R§S(V,Q),H§’S(V))}, le N2 (25)

Here, (RSB’S(U,q), H%’S(v)) represents the (v,¢)-th, v € N} and g € NlQ training sample.
Similarly, the same procedure is applied to construct the training dataset at the downlink
UE, denoted by (r[SJlE, h%E> The total number of training samples Ny, is set to VQ = 104,

where V = 10 and Q = 10. The channel SNR is configured as SNR.;, = 30 dB. Moreover,
90% of the dataset is used for training, and the remaining 10% is reserved for testing.

4. NN Framework Design for Proposed Estimation Method

The proposed NN framework is designed according to the characteristics of the chan-
nel estimation problems in the RIS-ISAC system. The received pilot signals are inevitably
interfered with by the noise, while the propagation characteristics of the direct and reflected
channels are significantly different. Hence, it may lead to the insufficient feature extraction
and unsatisfactory estimation accuracy when directly employing a single DNN to estimate
all SAC channels. To address this issue, the proposed NN framework adopts a channel
feature enhancement strategy. Specifically, an ELM network is first introduced to suppress
noise and purify the received signal features. The purified features are subsequently fed
into dedicated neural network estimators for channel estimation. Moreover, different
neural network architectures are adopted for the two estimation stages according to the
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characteristics of the corresponding channels. This design enables each NN to focus on
learning the channel-specific features, thereby improving estimation accuracy and robust-
ness. In the following, the NN framework design for the proposed estimation method is
provided in detail.

4.1. ELM-Based Feature Purification Framework

The ELM is a single hidden-layer feedforward neural network (FNN) composed of
an input layer, a hidden layer, and an output layer. Unlike traditional neural networks
that rely on iterative gradient descent to update parameters, ELM randomly initializes
the input weights and hidden-layer biases, and then analytically determines the output
weights. Hence, it can reduce the computational complexity and significantly improve
the training efficiency [36]. To build the ELM-based feature purification framework, the
ELM network model with N, input neurons, N, hidden neurons, and N,, output neurons

is adopted. Then, the output matrix of the hidden layer U € Nt*Mn can be expressed as
f(wlR(l,l) -|—b1) f(thR(l,l) +bNI1)
f(wlR(Ntr/Ng) +b1) f(thR(Ntr,Ng) —|—bNh)

where wy, = [wy1, Wy, .., thNQ]T € CNex1 denote the input weight vector connecting
the h-th hidden neuron and the N, input neurons. The bias and activation function of
the h-th hidden neuron are denoted by b, and f(-), respectively. Furthermore, define
0 = 001,02 -, Gh,NW]T € CNv*1 as the output weight vector between the h-th hidden
neuron and the N, output neurons. By stacking the output vectors H(v), the output data
matrix can be constructed as Y = [H(1), H(2), ..., H(Ny)]" € CNe*Ny_ Through randomly
initializing the input weights and biases, the output weight matrix of the hidden layer
can be determined as Ogy = (61,03, . .., GNh]T e RNeXNy Thus, the ELM model can be
expressed as

Y = UOg 1. (27)

In the ELM framework, when the activation function f(-) is infinitely differentiable, the
parameters w and b in the hidden-layer output matrix U are randomly initialized and
remain fixed. In this case, the formulation in (27) becomes an equivalent linear system.
Then, the ELM model only needs to determine the output weight matrix © by solving the
following least-squares problem:

Opm = min |[UGpm — YI|2. (28)
By solving the least-squares problem, the optimal weight matrix can be obtained as
Orm = U'Y, (29)

where U' denotes the Moore-Penrose pseudoinverse of U.

Based on the above training process, the proposed ELM-based channel estimation
framework exhibits the following three advantages. First, with fixed hidden-layer pa-
rameters, the linear relationship in (27) always holds, allowing the output weights to
be directly computed via matrix operations. Compared with traditional gradient-based
learning methods, ELM significantly accelerates training effectively and reduces computa-
tional complexity [36]. Second, since no iterative weight updates are required, ELM avoids
issues such as local minima and sensitivity to the hyperparameters, improving training
stability and reliability. Finally, ELM demonstrates strong generalization capability. The
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unique network structure of ELM enables it to adapt to varying channel conditions under
different SNR levels, making the method highly robust and practically valuable. Based
on the above concepts, two ELM-based feature purification frameworks are developed,
which are respectively named as the Direct ELM (D-ELM) framework and Reflected ELM
(R-ELM) framework. The D-ELM framework is utilized to extract the informative direct
channel features in the first direct channel estimation stage, whereas the R-ELM framework
is adopted to purify the reflected channel features in the second one.

4.2. Channel Estimation Framework

To address the distinct estimation requirements of the direct and reflected channels
in the two estimation stages, two NN channel estimation frameworks are designed, re-
spectively namely Direct Estimation (D-EST) framework and Reflected Estimation (R-EST)
framework. Each NN framework consists of a feature purification module based on ELM
(i.e., D-ELM/R-ELM module) and a channel estimation module based on DNN. Here,
the DNN-based channel estimation module adopted in S; is referred to as Direct DNN
(D-DNN), while that adopted in S; is named as Reflected DNN (R-DNN).

In stage S;, which focuses on direct channel estimation, the proposed D-EST frame-
work involves two networks, including the D-ELM network in the feature purification
module and D-DNN in the channel estimation module. Here, the hidden layer of the
D-ELM network contains N, = 200 neurons with the Sigmoid activation function. Since
the direct channel typically has relatively low dimensionality and a simple structure, the
D-DNN network is built by a fully connected FNN. It consists of an input layer, two fully
connected layers (FFL), and an output layer, where each FFL contains 200 neurons and uses
the Tanh activation function.

In stage Sy, which aims at reflected channel estimation, the proposed R-EST framework
is constructed by two networks, including the R-ELM network in the feature purification
module and R-DNN in the channel estimation module. The reflected SAC channels exhibit
higher dimensionality and more complex structural characteristics. Therefore, the proposed
R-EST framework enhances the feature purification module accordingly. Specifically, the
hidden layer size of the R-ELM network is increased to Nj, = 900 neurons, and the Sigmoid
activation function is adopted to improve feature extraction capability. Then, the R-DNN
network is built by the CNN architecture to effectively capture the complex mapping between
the input—output pairs in Sy. It consists of an input layer, two hidden layers, and an output
layer. The first hidden layer is a convolutional layer (CL) equipped with 132 filters of Kernel
size 4, using the Tanh activation function. This hidden layer is followed by a flattening
operation. The second hidden layer is a fully connected layer containing 900 neurons with
a linear activation function. During NN training, the Adam optimizer is used to update the
CNN parameters, with a learning rate of 2 x 10~*. A mini-batch training strategy is adopted to
reduce the sample correlation, where each batch contains 200 samples. In addition, a stopping
mechanism is introduced to prevent overfitting. The detailed architectures of the proposed
D-EST and R-EST networks are summarized in Tables 1 and 2.

Table 1. Architecture of D-EST network.

Model Layers Size Activation Function
Input 2MPS -
D-ELM FFL 200 Sigmoid
Output 2MPS -
Input 2MPS -
FFL 200 Tanh
D-DNN FFL 200 Tanh
Output 2MPS -

https:/ /doi.org/10.3390/ electronics15143123


https://doi.org/10.3390/electronics15143123

Electronics 2026, 15, 3123 12 of 25

Table 2. Architecture of R-EST network.

Model Layers Size Kernel Activation Function
Input 2P%2(CS%2 — C9) - -
R-ELM FFL 900 - Sigmoid
Output 2P%2(C% — C51) - -
Input 2P%2(CS2 — C) - -
CL 132 4 Tanh
R-DNN FFL 900 - Linear
Output 2ML - -

4.3. Offline Training

To ensure the stability of the proposed framework, the feature purification module
(i.e., D-ELM/R-ELM) and channel estimation module (i.e., D-DNN/R-DNN) are trained
separately. For the feature purification module, the NN input R(v, q) is first normalized
as R(v,q). Then, we train the proposed ELM-based purification network to obtain a
well-trained feature purification model. The normalization process can be given by

Rio) = gas(R(o) =~ B A0, vent, gent, oo

where gy;(-) denotes the standardization operator, and E{R(v,q)} and D{R(v,q)} repre-

sent the mean and standard deviation of the NN input, respectively.

For the channel estimation module, data preprocessing and network training are
conducted in a similar manner. Specifically, the preprocessing includes input normalization
and output scaling. The input R(v, q) is normalized according to (30), while the output
H(v) is scaled by a factor . Then, the preprocessed samples (ﬁ(v, q), ﬁ(v)) are utilized
to train the proposed DNN-based channel estimation network, resulting in a well-trained
estimation network. During NN training, the output of the DNN-based estimator can be
approximated as

H(o) = f(ﬁ(UIQ)rﬁ(U)}@DNN), (31)

where f(-; ®pnN) denotes the DNN mapping function, and @pny represents all hyperpa-
rameters of the estimation network. To optimize the network performance, the proposed
DNN updates the parameters by minimizing the mean squared error of the loss function,
which can be expressed as

F=v5 L (f(f{(v,q);@DNN) - ﬁ(v))2~ (32)
veNY geNP

4.4. Online Testing

During the testing phase, the noisy received signals are first preprocessed in the same
manner as in the training stage. Then, the standardized input R(v,q) together with the
initialized parameters {w, b} are substituted into (26) to compute the hidden-layer output
matrix U. Subsequently, the optimized output weight matrix gy is applied, which is
obtained from (29). The output of the trained ELM-based purification network is given by
Y, which represents the purified received signal.

Y = UOg . (33)

https://doi.org/10.3390/ electronics15143123


https://doi.org/10.3390/electronics15143123

Electronics 2026, 15, 3123

13 of 25

Next, the SAC channel estimation is performed. The purified signal is standardized
according to (30) to obtain the normalized sample R(v, q), which is then fed into the trained
DNN-based estimation network to produce the following output:

ﬁ(v) = f(ﬁ(UIQ);@DNN>- (34)

Here, @DNN denotes the trained hyperparameters of the DNN-based estimation network
(i.e., D-DNN/R-DNN). Finally, the NN output is rescaled by =1 and subjected to simple

postprocessing to obtain the estimated direct SAC channels {a, l;} and the reflected SAC

channels {A, é} The overall estimation framework is summarized in Figure 3. As can
be seen, Figure 3 illustrates the overall architecture of the proposed two-stage channel
estimation framework. Since the received pilot signals are inevitably interfered with by
the noise, the ELM modules (i.e., D-ELM and R-ELM) are first employed to suppress
noise and extract informative feature representations. The purified channel features are
then fed into dedicated NN estimators for channel estimation. Furthermore, different
NNs (i.e., D-DNN and R-DNN) are adopted for the two stages according to the charac-
teristics of the corresponding channels, thereby improving both learning efficiency and
estimation accuracy.
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D-ELM / R-ELM

Data Preprocessing
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(Noisy Signal) Normalization

Trained
Purification
Network

Estimation Network
D-DNN / R-DNN
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Figure 3. The proposed estimation framework: (a) offline training, (b) online testing.

https://doi.org/10.3390/electronics15143123


https://doi.org/10.3390/electronics15143123

Electronics 2026, 15, 3123

14 of 25

5. Simulation Results
5.1. Simulation Setup

In the simulation experiments, unless otherwise specified, the number of BS antennas
M is set to 6, the number of RIS elements L is 30, and C51 = 1, CS2 = L + 1. Referring
to [31], the sensing channel of the BS—target-RIS link is modeled as
¢ = qya(dpr)a(drr)", (35)
where a7 denotes the complex gain of the BS—target—RIS link, and its phase is uniformly
distributed over [0, 27t) with constant amplitude |a1| = 1 [32]. For an M-element array, the
steering vector a (@) associated with the angle of arrival 8 is defined as

- o AT
a(d) = 1,67 sin(3) . % (M-1)sin(8) (36)

4

where d and A denote the element spacing and signal wavelength, respectively. Accordingly,
by substituting ¢ = dr, d = dg and M = M into (36), a(9pr) is derived, while a(91R) is
obtained by setting ¥ = O, d = dg and M = L. Here, g represents the angle from the
BS to the target, and d1r denotes the angle from the target to the RIS. In general, the ISAC
BS antenna spacing dp and the RIS element spacing dR are both set to A/2 . Similarly, the
BS-target—BS link can be modeled as d = wya(dpt), where a3 is the reflection coefficient of
this link and follows the same distribution as «;.

The communication channels are modeled as Rician fading according to [32]. Then,
the channel H of the RIS-BS link is expressed as

Kgs

Hyos + HnNros, (37)

1
Ko 71
where the Rician factor Kgp is set to 10, Hy,s and Hy 105 denote the line-of-sight (LoS) and
non-line-of-sight (NLoS) components of H, respectively. According to (36), Hy,s is defined
as a(ﬂRB)H, where 0gp is the angle from the RIS to the BS. Other communication channels,
such as b and £, can be modeled similarly, with their Rician factors also set to 10. In Table 3,
the path loss of each link is obtained by setting the distances and path loss exponents of the
SAC channels. Specifically, the path loss at distance d,, can be given by &, = ¢o(dn/do )_’3 "
with n € N7, where B, denotes the path loss exponent, and &, = —30 dBm represents the
path loss at the reference distance dyp = 1 m. Finally, according to [32], the transmit power
of the ISAC BS Pg is set to 20 dBm.

Table 3. Path loss of SAC channels.

Channel Link Distance Path Loss Exponent
RIS-BS link di =2m B1 =
BS—target-BS link dr» = 140m B2 =35
BS—target—RIS link dz =140m B3 =23
BS-UE link dy =50m Bs =
RIS-UE link ds = 50m Bs =22

The hyperparameters adopted in this work were determined through preliminary
experiments on a validation dataset by following common practices in deep learning.
Specifically, the hidden-layer sizes of the D-ELM and R-ELM modules were selected based
on the sensitivity analysis presented in Section 5.4.3. For the DNN-based estimators, the
numbers of convolutional filters and the learning rate were chosen from several commonly
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used candidate values to achieve stable convergence and satisfactory estimation perfor-
mance while maintaining moderate computational complexity. Once determined, these
hyperparameters were fixed for all subsequent simulations to ensure a fair comparison.

5.2. NMSE Performance Under Different SNRs

Figures 4 and 5 illustrates the NMSE performance for both SAC channel estimation at
the ISAC BS and downlink UE under different SNR conditions. During the offline training
phase, the SNR is set to [15,20] dB with a step size of 5 dB, while in the online testing phase,
the SNR ranges from [—10, 20] dB with a step size of 2.5 dB. The LS-based method in [32], as
well as two traditional learning models, namely FNN and ELM, are adopted as benchmark
schemes. The normalized mean square error (NMSE) is used as the performance metric,
defined as

(38)

NMSE — E{ || Estimated — True || }

2
|| True |7

NMSE

NMSE

-10 -5 0 5 10 15
SNR

(b)

Figure 4. NMSE versus SNR for channel estimation at the ISAC BS: (a) direct sensing channel d,
(b) reflected sensing channel A.

The FNN consists of two hidden layers, each containing 256 neurons, and its hyperpa-
rameter settings are consistent with those in [32]. The ELM adopts a single hidden layer
structure with 256 neurons and uses the Sigmoid activation function. Simulation results
show that, as the SNR increases, the impact of noise gradually diminishes, and the esti-
mation performance of the LS baseline, as well as the traditional FNN and ELM methods,
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improves accordingly. However, compared with these benchmark schemes, the proposed
method demonstrates superior performance. This improvement is mainly attributed to the
feature purification module based on ELM, which effectively extracts salient features and
significantly enhances signal quality, thereby enabling the subsequent channel estimation
network to achieve more accurate results using the purified feature data.

2

10

—_f—1S: b

NMSE

498 5 502

SNR

@)

NMSE

(b)

Figure 5. NMSE versus SNR for channel estimation at the downlink UE: (a) direct communication

channel b, (b) reflected communication channel G.

More specifically, in the direct channel estimation task, the proposed D-EST method
exhibits clear advantages. When estimating the direct sensing channel d, compared with
the LS baseline, a gain of approximately 12 dB can be achieved at NMSE = 10~. For the
downlink direct communication channel b, the proposed method achieves performance
comparable to that of the FNN-based approach. It is worth noting that, due to the more
complex structure of the communication channel, the performance improvement is less
pronounced than that of the sensing channel. For reflected channel estimation, the proposed
R-EST method is further introduced to estimate the reflected sensing channel A and the
downlink reflected communication channel G. The proposed approach consistently out-
performs the LS baseline across the entire SNR range in terms of NMSE, with particularly
significant gains observed in the low-SNR region. For instance, at NMSE = 10*1, compared
with the LS method, R-EST achieves an SNR gain of approximately 14 dB for estimating the
reflected sensing channel A, and about a 7.5 dB improvement for the reflected communi-
cation channel G. It is worth emphasizing that reflected channel estimation is inherently
more challenging due to the cascaded channel structure. Nevertheless, the proposed R-EST

https:/ /doi.org/10.3390/ electronics15143123


https://doi.org/10.3390/electronics15143123

Electronics 2026, 15, 3123

17 of 25

method maintains superior performance over all SNR conditions, demonstrating its effec-
tiveness in handling complex cascaded channel estimation problems. In addition to the
NMSE performance, the proposed method also performs well outside the SNR range used
during training, further indicating its strong generalization capability.

5.3. NMSE Performance Under Different Channel Dimensions
5.3.1. NMSE Performance Under Different M

Figures 6 and 7 analyze the impact of increasing the number of antennas M on the NMSE
performance at the ISAC BS and downlink UE. The SNR values in the offline training and
online testing phases are fixed at 0 dB and 10 dB, respectively, while the number of the RIS
elements is set to L = 30. Figures 6a and 7a present the NMSE performance of the proposed
D-EST method for direct SAC channel estimation. It can be observed that, under different SNR
conditions, the proposed method achieves significant performance improvement over the LS
baseline when estimating the direct sensing channel d, as evidenced by a continuous decrease
in NMSE. This advantage becomes more pronounced as the antenna scale increases. For the
downlink direct communication channel b, at SNR = 0dB, the proposed D-EST method
outperforms the LS baseline, while at SNR = 10dB, the performance of the two methods
is comparable. Moreover, as M increases, the NMSE performance of the proposed method
remains relatively stable. This stability is mainly attributed to the feature purification module,
which enhances the quality of the received signal and further improves the robustness of the
subsequent channel estimation stage in large-scale scenarios.
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Figure 6. NMSE versus M for channel estimation at the ISAC BS: (a) direct sensing channel d,
(b) reflected sensing channel A.

Figures 6b and 7b evaluate the estimation performance of the reflected SAC channels.
For both the reflected sensing channel A and the downlink reflected communication channel
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G, the proposed R-EST method consistently outperforms the LS baseline across different
antenna configurations. Notably, for the estimation of A, the proposed method exhibits
robustness with respect to variations in M, indicating that it can effectively suppress noise
and improve estimation accuracy as the channel dimension increases. For the estimation
of G, at SNR = 0dB, the performance of the proposed method further improves with
increasing M, reflecting its strong generalization capability in large-scale systems. However,
at SNR = 10dB, the NMSE of the proposed method shows a gradual increasing trend as
the antenna scale grows, which may be attributed to the more complex correlation structure
in high-dimensional channels. Although the NMSE slightly degrades at high SNR, the
proposed method still maintains a clear performance advantage over the LS baseline. This
demonstrates that the feature purification module effectively enhances channel estimation
performance across different SNR conditions, fully validating its efficiency and reliability
in noise suppression and accurate channel estimation.
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Figure 7. NMSE versus M for channel estimation at the downlink UE: (a) direct communication
channel b, (b) reflected communication channel G.

5.3.2. NMSE Performance Under Different L

Figures 8 and 9 illustrate the performance of the proposed R-EST method for reflected
SAC channel estimation when the number of RIS reflecting elements L varies under the
same SNR conditions. For estimating the reflected sensing channel A, the proposed method
consistently outperforms the LS baseline across different values of L and SNR settings.
Moreover, at SNR = 0dB, the method demonstrates strong robustness to variations in
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L. At SNR = 10dB, however, as L increases, the NMSE performance shows a slight
degradation, which may be attributed to the increased complexity of high-dimensional
feature mapping in the RIS-assisted channel. For the downlink reflected communication
channel G, at SNR = 0dB, the proposed method achieves significant performance gains
compared to the LS baseline. Notably, as the number of RIS elements increases, the NMSE
remains relatively stable, indicating that the proposed method possesses strong noise
resilience in low-SNR environments and can effectively mitigate noise interference while
maintaining high estimation accuracy. On the other hand, at SNR = 10 dB, the proposed
R-EST method still demonstrates superior performance. Overall, the simulation results
verify that the proposed approach is capable of handling complex correlation structures
and high-dimensional channel conditions. Furthermore, it exhibits strong stability across
different RIS element scales, highlighting its effectiveness and robustness in large-scale
RIS-assisted systems.
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Figure 8. NMSE versus L for reflected sensing channel estimation at the ISAC BS.
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Figure 9. NMSE versus L for reflected communication channel estimation at the downlink UE.

5.4. Ablation Study
5.4.1. Effectiveness of the ELM-Based Feature Purification Network

To further validate the effectiveness of the proposed ELM-based feature purification
module, an ablation study is conducted by removing the D-ELM and R-ELM modules while
keeping the channel estimation networks (i.e., D-DNN and R-DNN modules) unchanged.
Specifically, the received signals are directly fed into the D-DNN and R-DNN modules
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without any feature purification. Figure 10 illustrates the NMSE performance under
different SNR conditions. Compared with the estimator without feature purification
(i.e., the curves named as D-DNN/R-DNN only), the proposed method (i.e., D-EST/R-
EST) consistently achieves lower NMSE over the entire SNR range. The performance
improvement is particularly significant in the low-SNR region, where the received signals
suffer from severe noise interference. This lies in the fact that the proposed ELM module
effectively suppresses noise and extracts informative channel features before channel
estimation. Consequently, the subsequent D-DNN/R-DNN modules operate on higher-
quality feature representations, leading to more accurate channel estimation. As the SNR
increases, the performance gap between the two methods gradually decreases since the
influence of noise becomes weaker. Nevertheless, the proposed method still maintains
superior estimation accuracy, demonstrating that the ELM-based feature purification not
only improves noise robustness but also enhances the representation capability of the
estimation framework.
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Figure 10. Ablation study for the effectiveness of the D-ELM /R-ELM modules: (a) NMSE performance
at the ISAC BS, (b) NMSE performance at the downlink UE.
5.4.2. Effectiveness of the Channel Estimation Network

To further investigate whether the performance improvement is solely contributed
by the feature purification module, another ablation experiment is conducted by replacing
the proposed D-DNN/R-DNN module with a lightweight linear regression (LR) estimator
while preserving the D-ELM/R-ELM module (i.e., the curves named as D-LR and R-LR).
The comparison results are presented in Figure 11. It can be observed that introducing the
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ELM purification module significantly improves the estimation performance compared
with directly applying a lightweight LR estimator. Moreover, the proposed D-EST/R-
EST estimator, which consists of the D-ELM /R-ELM and D-DNN/R-DNN modules, still
achieves the best NMSE performance under all the SNR conditions. This observation
indicates that the performance improvement of the proposed framework is not attributed
to a single component. Instead, the ELM-based feature purification and the subsequent
deep neural network cooperate to achieve superior channel estimation performance. The
purification module mainly suppresses noise and extracts informative features, whereas
the DNN/CNN estimator effectively learns the nonlinear mapping from purified features
to channel coefficients.
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Figure 11. Ablation study for the effectiveness of the D-DNN/R-DNN modules: (a) NMSE perfor-
mance at the ISAC BS, (b) NMSE performance at the downlink UE.

5.4.3. Sensitivity Analysis of the Hidden-Layer Size

Since the hidden-layer size directly affects the representation capability of the ELM
network, a sensitivity analysis is conducted to evaluate its influence on the channel esti-
mation performance. Different hidden-layer sizes are considered for both the D-ELM and
R-ELM modules. The SNR is fixed to 10 dB while keeping all other simulation parameters
unchanged. Figure 12 presents the NMSE performance under different hidden-layer sizes
of the D-ELM and R-ELM modules. When the number of hidden neurons increases from
100 to 200, the estimation performance is continuously improved due to the enhanced
nonlinear feature representation capability. However, further increasing the hidden-layer
size beyond 200 only yields marginal performance improvement while introducing ad-
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ditional computational complexity. Similar observations can be obtained for the R-ELM
module. Increasing the hidden-layer size initially improves the estimation accuracy since
the reflected channels exhibit higher dimensionality and more complicated correlation
structures. Nevertheless, when the number of hidden neurons exceeds 900, the NMSE
performance becomes nearly saturated. Therefore, considering both estimation accuracy
and computational complexity, the hidden-layer sizes of 200 and 900 are adopted for the
D-ELM and R-ELM modules, respectively.

10t ! !

-3 L L L L L L L L L L L
0
0 100 200 300 400 500 600 700 800 900 1000 1100 120(
Number of hidden neurons

Figure 12. Sensitivity analysis of the hidden-layer size for the D-ELM and R-ELM modules.

5.5. Discussion on Practical Deployment

It should be noted that the simulation setup in this paper is based on several commonly
adopted assumptions to facilitate algorithm verification, including ideal self-interference
cancellation, predefined RIS on/off control, known pilot sequences, and channel-model-
based offline training. The practical deployment of the proposed method is discussed in
the following.

First, the residual self-interference may still exist after cancellation for practical full-
duplex ISAC systems. Such residual interference further interferes with the received pilots
and degrades the channel estimation accuracy. Thanks to the proposed ELM-based feature
purification module before channel estimation, partial residual interference can be regarded
as structured interference and be suppressed during the feature purification procedure.
Therefore, the proposed approach is expected to exhibit certain robustness against imperfect
self-interference cancellation, although additional retraining using residual-SI datasets may
be required for severe interference conditions.

Second, the proposed two-stage estimation framework assumes accurate RIS on/ off
switching. In practical implementations, switching delay and hardware imperfections may
introduce slight deviations from the ideal RIS states. Since the proposed estimator learns
the mapping between the received signals and SAC channels in a data-driven manner,
such impairments can be incorporated into the offline training dataset, allowing the neural
network to adapt to practical RIS control errors.

Third, the proposed method assumes predefined pilot sequences and channel-model-
based offline training. When the pilots are interfered with, synchronization errors occur,
or channel model is mismatched, the distribution of received signals may deviate from
the training samples, leading to the degradation of the channel estimation performance.
Although some performance degradation is expected under severe distribution mismatch,
the proposed framework can be continuously updated using newly collected channel
samples through offline retraining or transfer learning, thereby maintaining satisfactory
estimation performance under practical deployment.
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Finally, the simulations are conducted under a representative RIS-assisted ISAC sce-
nario to verify the effectiveness of the proposed framework. In practical wireless systems,
different propagation environments, channel models, and path loss conditions may be
encountered. Since the proposed method is data-driven, its NN parameters can be retrained
using datasets generated under the corresponding system settings without modifying the
overall two-stage estimation framework. Therefore, the proposed architecture is not limited
to the specific simulation configuration considered in this work and can be readily extended
to more general RIS-assisted ISAC scenarios.

6. Conclusions

This paper addresses the channel estimation problem in RIS-assisted ISAC systems
and proposes a two-stage channel estimation method based on ELM-driven feature pu-
rification. By controlling the on/off states of the RIS, the direct and reflected channels are
estimated separately in two stages, and the corresponding D-EST and R-EST networks are
designed to construct the overall estimation framework. For each estimation stage, a feature
purification module is introduced prior to channel estimation to effectively mitigate the
noise interference in complex channel environments. This module is employed to extract
features from the received signals, thereby enhancing signal quality. The purified features
are then utilized as inputs to the channel estimation module, which accurately estimate
the channel parameters. Simulation results demonstrate that, under various SNR condi-
tions and channel dimensions, the proposed method significantly outperforms benchmark
schemes in terms of NMSE performance, while exhibiting strong generalization capability.
This makes it an effective solution for improving estimation accuracy and robustness in
the RIS-assisted ISAC systems. Future work will extend the proposed framework to more
practical RIS-assisted ISAC systems involving multiple users, multiple sensing targets,
cooperative multi-RIS deployments, and dynamic wireless environments.
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Abbreviations

The following abbreviations are used in this manuscript:

ISAC Integrated Sensing and Communication
RIS Reconfigurable Intelligent Surface

SAC Sensing and Communication

ELM Extreme Learning Machine

CsI Channel State Information

NN Neural Network

DNN Deep Neural Network

CNN Convolutional Neural Network

LSs Least Squares
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SNR Signal-to-Noise Ratio

FD Full-Duplex

BS Base Station

UE User Equipment

SI Self-Interference

DFT Discrete Fourier Transform
FNN Feedforward Neural Network

NMSE Normalized Mean Square Error
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