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Abstract—Integrated sensing and communication (ISAC) sys-
tems have emerged as a key enabler for future wireless networks,
aiming to optimize spectral resource utilization for both sensing
and communication tasks. The incorporation of reconfigurable
intelligent surfaces (RIS) with ISAC enables more efficient utiliza-
tion of resources, improving the quality of communication and the
accuracy of sensing. A critical aspect of deploying such systems
reliably is accurate channel estimation. Traditional deep learning
methods, though effective, often struggle with the intricate charac-
teristics of communication channel matricies. This work introduces
an innovative two-stage channel estimation approach for RIS-ISAC
systems. The first stage focuses on feature refinement using an ex-
treme learning machine framework to process the received signals
and extract essential channel features. The second stage employs
these refined features to estimate the desired channels through
dedicated neural networks specifically designed for sensing and
communication tasks. The numerical simulations demonstrate that
the proposed two-stage approach significantly outperforms the
existing techniques across various system configurations. More-
over, the proposed method achieves a remarkable computational
complexity reduction as compared to the state-of-the-art works.
The results prove the robustness and efficiency of the proposed
approach, facilitating more robust RIS-assisted ISAC deployments.

Index Terms—Reconfigurable intelligent surface (RIS),
integrated sensing and communication (ISAC), channel estimation,
deep learning, extreme learning machine (ELM).

I. INTRODUCTION

A S THE demand for higher data rates and ubiquitous con-
nectivity continues to escalate, future-generation wireless

communication systems face unprecedented challenges. Tradi-
tional communication systems, which often operate indepen-
dently of sensing functions, are suffering in meeting the require-
ments of modern applications. To this end, there is a critical
need for innovative solutions that can address the demands
for enhanced spectral efficiency and reliable connectivity [1],
[2], [3]. Integrated sensing and communication (ISAC) has
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emerged as a promising concept that leverages simultaneous
communication and sensing functionalities [4], [5], [6], [7],
[8], thus, enhancing spectral efficiency and reducing hardware
costs. The integration of these two functionalities brings many
opportunities to wireless systems. In particular, ISAC allows
for adaptive networks that can dynamically adjust to changing
conditions, which results in improved reliability in various sce-
narios. Moreover, the dual-use of signals for communication
and sensing reduces latency and enhances the overall com-
munication by providing situational awareness. Consequently,
ISAC systems are envisioned to revolutionize the landscape of
the next-generation wireless networks by providing a unified
solution that meets the increasing demands for both high-speed
connectivity and precise sensing capabilities [4], [9], [10], [11],
[12], [13].

In addition to ISAC, the reconfigurable intelligent surfaces
(RIS) technology has emerged as a key enabler for future-
generation wireless communication systems [14], [15], [16].
Consisting of a large array of passive reflecting elements, RIS
can dynamically manipulate the electromagnetic waves to im-
prove signal propagation and help mitigate adverse effects, such
as signal scattering, refraction, and interference. By intelli-
gently tuning the phase, polarization, and amplitude of reflected
signals, RIS can optimize the wireless conditions, leading to
enhanced data rates, extended coverage, and improved energy ef-
ficiency [17], [18]. The integration of RIS in communication sys-
tems offers promising opportunities for network optimization,
particularly in challenging environments. Furthermore, RIS can
be incorporated into existing infrastructure as a cost-effective
solution for upgrading current networks. The potential of the
RIS extends beyond communication, as it can also facilitate
integrated sensing functions, thereby playing a crucial role in
the development of advanced ISAC systems [19], [20].

In particular, the integration of RIS with ISAC systems marks
a notable development in the design and optimization of next-
generation wireless networks [21], [22], [23], [24]. RIS technol-
ogy, with its ability to intelligently manipulate the propagation
environment, complements the dual-functionality of ISAC sys-
tems, which simultaneously support communication and sensing
tasks. Since both tasks operate over shared spectral and hardware
resources, they inherently interfere with each other. By incorpo-
rating RIS into ISAC frameworks, the propagation environment
can be dynamically reconfigured to enhance signal quality, miti-
gate interference between communication and sensing tasks, and
improve the overall system performance. This integration allows
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for precise control over the signal propagation paths, thereby
enabling more accurate sensing and reliable communication.
The combined capabilities of the RIS and ISAC have been
recently explored in different areas such as autonomous driving,
smart environments, and industrial automation, where real-time
situational awareness and robust connectivity are paramount [9],
[10], [25], [26], [27]. It has been showed that the nature of RIS
can be leveraged to address the inherent challenges of spectrum
sharing in ISAC systems, thus, improving the overall system
performance significantly.

Most of the work in the literature focused on the resource al-
location, beamforming design, and deployment of RIS-assisted
ISAC across various scenarios, often assuming perfect channel
state information (CSI) [23], [24], [28], [29], [30]. However,
this assumption does not always hold in practice. In real-world
systems, CSI acquisition is limited by estimation errors, pi-
lot contamination, hardware impairments, and feedback con-
straints [31], [32], [33], [34]. These imperfections can signif-
icantly degrade the communication and sensing performance,
especially in RIS-assisted ISAC systems where both functions
share spectrum and hardware resources. Therefore, developing
accurate and robust channel estimation frameworks is essential
for the practical realization of such systems. The difficulty of
channel estimation in RIS-assisted ISAC systems arises from
the inherent interference between communication and sensing
functions and the increased number of channel links. Unlike
traditional systems, RIS introduces additional links and high-
dimensional channel matrices, making traditional estimation
techniques computationally challenging. Moreover, the dual
functionality introduced by ISAC systems complicates the chan-
nel estimation process and requires advanced techniques to accu-
rately differentiate between communication and sensing signals.
A few works investigated the challenge of channel estimation
in RIS-assisted ISAC systems [35], [36], [37]. Deep learning
(DL)-based methods were considered due to their ability in
handling high-dimensional data and learn complex patterns,
thereby potentially offering more accurate and efficient solutions
compared to traditional techniques. The study in [35] examined
the channel estimation issue in a single-user RIS-assisted ISAC
system. A convolutional neural network (CNN) framework was
proposed to accurately estimate the channels in three stages.
Additionally, the study in [36] investigated a multi-user RIS-
assisted ISAC system, where a two-stage deep NN (DNN)-based
framework was proposed to estimate the channels. In particular,
the initial stage assumed that the RIS was deactivated to coher-
ently estimate the sensing channel, and the final stage assumed
that the base station (BS) was off to estimate the communication
channel accurately. The work in [37] investigated an uplink
and downlink multi-user RIS-assisted ISAC system, in which
an extreme learning machine (ELM) approach was proposed to
estimate the direct and reflected links in two stages, respectively.
Finally, the work in [38] further proposed the use of conditional
generative adversarial networks (CGANs) to tackle the channel
estimation challenge in multi-user RIS-assisted ISAC systems.

The majority of the aforementioned studies have evaluated the
performance using the least squares (LS) estimation method as
a baseline. While commonly employed, LS suffers from several

limitations, including its susceptibility to noise and challenges
in handling non-linear estimation problems. These drawbacks
result in inaccurate and inefficient estimates [39]. This highlights
the need for novel methods that do not only improve the esti-
mation accuracy but are also computationally efficient. Within
this context, this work proposes a novel estimation approach
designed to address the limitations of existing methods. The
proposed approach consists of two key stages: The first stage
is feature refinement, which utilizes an ELM to extract essen-
tial features from noisy signals. The second stage utilizes the
refined features to estimate the desired channels. This two-stage
approach is applied to both sensing and communication links,
with sensing channels estimated at the BS and communication
links at the user side. The main contributions are outlined as
follows:
� A novel two-stage estimation framework is developed,

incorporating feature refinement and estimation stages.
� An ELM model is specifically designed to extract essential

features from noisy received signals, leveraging its ad-
vantages of faster training times and better generalization
capabilities compared to traditional learning methods.

� Two distinctive models are designed to estimate sensing
and communication channels, where one is deployed at
the BS to approximate sensing channels, and the other at
the user side to estimate the communication channels.

� The proposed approach demonstrates outstanding per-
formance compared to existing works. This is mainly
accomplished by the feature refinement stage design,
which ensures more accurate and reliable channel esti-
mation in RIS-assisted ISAC systems. The design of this
step is crucial as it aims to avoid computationally expen-
sive networks, while also carefully preserving the inherent
characteristics of the channel.

� The computational complexity is evaluated to assess its
efficiency and feasibility, demonstrating a considerable
reduction in the complexity compared to the literature esti-
mators. This is accomplished while simultaneously deliv-
ering significant enhancements in estimation performance.

� Comprehensive simulations are conducted to assess the
estimation performance of the proposed method, with nu-
merical results indicating significant improvements over
existing methods in terms of accuracy and robustness.

The rest of the paper is structured as follows: Section II out-
lines the system model and problem formulation. The proposed
estimation approach and its complexity analysis are detailed
in Sections III and IV, respectively. Lastly, Sections V and VI
present the simulation results and conclusions.

II. SYSTEM MODEL

Consider a scenario involving an RIS-assisted multiple-input
single-output multi-user ISAC system, consisting of user equip-
ment (UEs), a BS, an RIS, and a target as shown in Fig. 1(a).
The full-duplex (FD) BS facilitates communication and sensing
tasks simultaneously by transmitting and receiving signals to and
from the UEs and target. The RIS consists of N passive reflect-
ing elements that are dynamically controlled to manipulate the



Fig. 1. RIS-assisted ISAC system: (a) System architecture, (b) Pilot transmis-
sion protocol.

signal propagation environment. The RIS reflects signals from
the BS towards K UEs, facilitating improved communication
performance. The BS is equipped with M transmit antennas and
both BS and UE are equipped with a single receive antenna. The
BS-target-BS channel, where the BS transmits radar signals to
the target and receives the echo signals, denoted byA ∈ C

M×M .
The direct link between the BS and UE is presumed to be
hindered by obstacles, and the RIS is utilized to enhance com-
munication. To this end, the channel coefficients corresponding
to the link between the BS and RIS, the RIS and k-th user, are
denoted by H ∈ C

M×N and bk ∈ C
N×1, respectively. As the

ISAC BS functions in FD mode, it simultaneously transmits
and receives signals, resulting in self-interference (SI), denoted
by S ∈ C

M×M . Considering the narrowband transmission, all
channels are presumed to exhibit flat-fading characteristics.
To address the inherent interference between communication
and sensing tasks, a pilot transmission scheme is developed to
estimate the RIS-assisted ISAC system channels, as depicted in
Fig. 1(b).

The BS sends pilot sequences across multiple sub-frames,
denoted by C. Each sub-frame is segmented into several time
slots, represented by P . Within the p-th time slot, the pi-
lot signal is expressed as vp ∈ C

M×1. Collectively, the pilot
signals for the c-th sub-frame form the pilot matrix Vc =
[v1,v2, . . . ,vP ] ∈ C

M×P . To ensure uniformity across sub-
frames, the ISAC BS sends the same pilot sequences, repre-
sented by V. During a single sub-frame, the RIS phase-shifts
stay unchanged and are represented by θc ∈ C

N×1, where
θc =

(
ejϕ1 , . . . , ejϕn , . . . , ejϕN

) ∈ C
N×1 and ϕn ∈ [0, 2π) is

the phase shift introduced by the n-th reflecting element. The
phase shift matrix for the entire set of sub-frames is denoted as
Θ = [θ1,θ2, . . . ,θC ] ∈ C

N×C .
To minimize the pilot overhead, it is assumed thatP = M and

C = N . This choice is based on the principle that each antenna
requires at least one distinct pilot time slot to capture the required
channel information. Such a design strikes a balance between
estimation accuracy and pilot efficiency, effectively capturing
the full channel characteristics without introducing redundancy
or incurring unnecessary pilot overhead.

Moreover, both the pilot matrix V and the phase shift matrix
Θ are structured using the discrete Fourier transform (DFT)
matrix. The DFT matrix FN ∈ C

N×N is defined as

FN =
1√
N

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

1 1 · · · 1

1 e−j
2π
N · · · e−j

2π(N−1)
N

1 e−j
4π
N · · · e−j

4π(N−1)
N

...
...

. . .
...

1 e−j
2π(N−1)

N · · · e−j
2π(N−1)(N−1)

N

⎤
⎥⎥⎥⎥⎥⎥⎥⎦
, (1)

where N is the size of the matrix. Thus, the pilot matrix V and
the phase shift matrix Θ are given by

V = FM , (2)

and

Θ = FN . (3)

This modeling helps mitigate interference between sensing
and communication signals while enabling the separation of
multi-user transmissions. It ensures that the pilot signals and
phase shifts leverage the orthogonality and frequency domain
properties of the DFT, leading to efficient signal processing and
accurate channel estimation in the RIS-assisted multi-user ISAC
systems [40].

Accordingly, the signal received by the k-th UE within c and
p, is represented as

yUE
k,c,p = bH

k diag{θH
c }HHvp + nk,c,p, (4)

where nk,c,p ∼ CN (0, σ2) represents the additive white com-
plex Gaussian noise with zero-mean and variance of σ2. The
received signal in (4) can be algebraically rearranged to iso-
late the cascaded communication channel by using the identity
bH
k diag(θH) = diag(bH

k )θH . Applying this, the expression be-
comes

yUE
k,c,p =

(
bH
k diag{θH

c }HH
)
vp + nk,c,p (5)

=
(
diag{bH

k }θH
c HH

)
vp + nk,c,p. (6)

Let Rk = Hdiag{bk}, then, (4) becomes

yUE
k,c,p = θH

c RH
k vp + nk,c,p. (7)

This matrix abstraction facilitates the estimation of the effective
cascaded channel Rk, which jointly captures the links between
the BS-RIS and RIS-k-th user.

In contrast, the signal received by the BS is given as

yBS
c,p = AHvp + SHvp + nc,p, (8)



where AHvp represents the sensing signal, SHvp accounts for
the residual SI, and nc,p represents the noise. The noise term is
modeled as nc,p ∼ CN (0, σ2IM ), denoting the additive white
complex Gaussian noise with zero-mean and variance of σ2,
where IM is an identity matrix of size M . The SI channel,
S, can be estimated to mitigate any residual SI in (8) before
performing channel estimation. This is feasible because the
propagation environment between the transmitting and receiving
antennas of the ISAC BS is considered stable [41]. Conse-
quently, estimating the communication and sensing channels in
(4) and (8) is necessary. The pilot symbol duration is assumed
to be shorter than the channel coherence time but long enough
to exceed the propagation delays of transmitted signals [42],
[43]. This assumption guarantees that the SAC channels remain
constant throughout the estimation phase, while also enabling
synchronization of the received SAC and residual SI signals. In
the subsequent sections, we introduce an innovative method for
estimating both Rk and A utilizing the pilot protocol depicted
in Fig. 1(b).

III. PROPOSED ESTIMATION APPROACH

In channel estimation problems, the primary information
available at the receiver side is the noisy received signal, which
can be utilized without additional processing. Although using
this information directly to estimate channels can yield good
performance, it is often limited by the effects of noise, cascaded
channels, and interference. To overcome these limitations, the
proposed approach divides the estimation process into two dis-
tinct stages: input feature refinement and channel estimation.
The first stage is dedicated to extracting features to enhance
the quality of the noisy received signal. In the second stage,
the refined output from the first stage is used to accurately
estimate the channels. The proposed framework is designed to
perform channel estimation locally at the BS for sensing and at
the UE for communication, thereby minimizing the need for
real-time feedback. Within each of these stages, the sensing
and communication signals are processed separately to ensure
optimal NN design for each type of signal. This approach aims to
maximize the accuracy and reliability of the channel estimation
process. In what follows, the proposed approach is explained in
detail.

A. Stage 1: Feature Refinement

In this subsection, a feature refinement stage is designed for
both sensing and communication links. An ELM-based NN is
deployed to take the noisy received signal as input and produce
a refined version, preserving critical channel information while
mitigating adverse effects of noise and interference. This ap-
proach sets a solid foundation for accurate channel estimation
in the second stage.

1) ELM: The ELM is structured as a feedforward NN (FNN)
consisting of input, single hidden, and output layers. Unlike
traditional FNNs that use gradient-based learning algorithms,
ELMs offer a more efficient training method by randomly ini-
tializing the weights and biases of the hidden layer neurons and
analytically determining the output weights [44], [45]. Consider

an NN with ηI input neurons, ηh hidden neurons, and ηO output
neurons. Let Z ∈ R

Ntr×ηI and Y ∈ R
Ntr×ηO denote the input

and output data matrices, respectively, where Ntr is the number
of training samples. The process of training an ELM can be
described as follows: The input weightsW ∈ R

ηh×ηI and biases
b ∈ R

ηh×1 for the hidden layer neurons are randomly generated.
The input data Z is composed of individual input vectors ζ. The
output of the hidden layerU ∈ R

Ntr×ηh is computed as follows:

U=

⎡
⎢⎢⎣

f(ω1ζ(1, 1) + b1) · · · f(ωηh
ζ(1, 1) + bηh

)
...

. . .
...

f(ω1ζ(Ntr, ηI) + b1) · · · f(ωηh
ζ(Ntr, ηI) + bηh

)

⎤
⎥⎥⎦ .

(9)

Here, ωηh
represents the h-th row of the weight matrix W, and

bηh
represents the h-th element of the bias vectorb. Specifically,

the matrix form is expressed as

U = f(ZWT + b), (10)

where f(·) denotes the activation function applied to the output.
The output weights ΛELM = [φ1,φ2, . . . ,φηh

]T ∈ R
ηh×ηO ,

are determined by solving the linear system as

Y = UΛELM. (11)

It has been demonstrated in [44] that if the activation function
f(·) is differentiable, ω and b in H do not require to be updated
during the training process. This finding allows (11) to be treated
as a linear system. To this end, the ELM model updates Λ by
minimizing the loss function as

Λ̂ELM = min
Λ
‖UΛELM −Y‖2. (12)

The solution is obtained using the Moore-Penrose pseudoinverse
of U as

Λ̂ELM = U†Y. (13)

According to the above training scheme, ELM has several ad-
vantages over traditional FNN. In particular, ELM significantly
accelerates the learning process while minimizing the number
of trainable parameters compared to traditional gradient-based
learning methods [46]. Specifically, the linear relationship in
(11) holds as U remains constant during the training process. To
this end, unlike the typical approach where all parameters are
updated through backpropagation, the ELM only requires the
determination of the weights Λ by performing matrix inversion.
This implies that the output weights are computed analytically,
rather than through iterative updates, and therefore ELM ensures
deterministic behavior for a given input. Through its simplicity
and by avoiding the iterative tuning of weights, ELM ensures
minimal training error and provides robust generalization ca-
pabilities. This is a significant advantage over many traditional
learning algorithms, which might encounter local minima, over-
fitting issues, or difficulties in choosing the correct learning
rate [44], [45]. Furthermore, the ELM-based feature refinement
facilitates a structured design in the proposed framework. By
efficiently denoising the received signal, the ELM stage sim-
plifies the learning requirements for the subsequent estimation



networks. This enables the use of computationally efficient NNs
in the second stage, dedicated to estimating the sensing and
communication channels from the denoised features. To this
end, the combination of ELM and task-specific NNs enables
improved generalization, reduced complexity, and strong esti-
mation performance in practical RIS-assisted ISAC scenarios.

2) Input-Output Design: Consider the pilot design adopted
in Section II to generate the input-output pairs for the feature
refinement stage. In the c-th sub-frame, P received signals at
UEk are stacked, simplifying (7) to

yUE
k,c = θH

c RH
k V + nk,c. (14)

Here, yUE
k,c = [yUE

k,c,1, y
UE
k,c,2, . . . , y

UE
k,c,P ] ∈ C

1×P and nk,c =

[nk,c,1, nk,c,2, . . . , nk,c,P ] ∈ C
1×P . The data generation is de-

signed based on the received signal, and is given as

ζUEk

S1
=

[
Re{yUE

k,1,y
UE
k,2, . . . ,y

UE
k,C},

Im{yUE
k,1,y

UE
k,2, . . . ,y

UE
k,C}

]T
, (15)

where Re{·} and Im{·} represent the extraction of the real and
imaginary components of a complex vector, respectively. The
corresponding output is constructed to simulate the ideal signal
representation, which theoretically corresponds to the received
signal without the noise factor. This can be mathematically ex-
pressed by isolating the term θH

c RH
k V from (14), thus focusing

on channel characteristics and pilot sequences. Specifically, the
desired output vector, γUEk

S1
, is given by

γUEk

S1
=

[
Re{θH

c RH
k V},Im{θH

c RH
k V}]T ∈ C

2C×P . (16)

This output representation serves as a benchmark for training the
feature refinement stage, ensuring that the network is capable of
accurately identifying and preserving the fundamental signal
attributes despite the imperfections introduced by the noisy
environment.

Conversely, to construct the input-output mappings for A,
refer to the received signal in (8). In a similar manner, the P
received signals at the ISAC BS are aggregated across the c-th
sub-frame, resulting in

YBS
c = AHV +Nc. (17)

Here, YBS
c = [yBS

c,1,y
BS
c,2, . . . ,y

BS
c,P ] ∈ C

M×P and Nc =

[nc,1,nc,2, . . . ,nc,P ] ∈ C
M×P . Therefore, the data generation

is given as

ζBS
S1

=
[
Re{YBS

1 ,YBS
2 , . . . ,YBS

C },
Im{YBS

1 ,YBS
2 , . . . ,YBS

C }
]T

. (18)

The corresponding output, which represents the ideal signal, can
be expressed as

γBS
S1 =

[
Re{AHV},Im{AHV}]T ∈ C

2C×P . (19)

Given the input-output design for both sensing and commu-
nication links, the following sub-section details the proposed
networks for the feature refinement stage.

TABLE I
ARCHITECTURE OF S-ELM AND C-ELM

3) Training and Testing: The proposed NN framework incor-
porates two distinct ELM structures. The first, known as the sens-
ing estimation ELM (S-ELM), is utilized for estimating direct
sensing channels, while the second, termed the communication
estimation ELM (C-ELM), is designed for estimating reflected
communication channels. The configuration of the S-ELM and
C-ELM hyperparameters is carefully tailored for their respective
estimation tasks. In particular, the hidden layer of the S-ELM
includes ηh = 200 neurons. Furthermore, given the increased
complexity of reflected channel estimation, the hidden layer
of the C-ELM is expanded to ηh = 900 neurons. Both utilize
sigmoid activation functions to enhance the feature refinement
capabilities.

To enhance the training process, a normalization is performed
on the input data. It can be mathematically represented as

ζ
BS/UEk

std (q, x) =
ζBS/UEk(q, x)− E{ζBS/UEk(q, x)}

D{ζBS/UEk(q, x)} ,

x ∈ NX
1 , q ∈ NQ

1 . (20)

Here, E{ζBS/UEk(q, x)} and D{ζBS/UEk(q, x)} represent the
mean and standard deviation of the input, respectively.

In the testing phase, the input is initially normalized as de-
tailed in (20). By obtainingH according to (9), Λ̂ can be obtained
as in (13). To this end, the trained ELM produces an output,
denoted by Ỹ, and is expressed as

Ỹ = H̃Λ̂. (21)

The refined received signals for sensing and communication
links are estimated as ȲBS

c and ȳUEk
c , respectively. Table I

summarizes the proposed ELM-based networks architectures.

B. Stage 2: Channel Estimation

The second stage of the channel estimation process utilizes the
purified data produced in the first stage (i.e., feature refinement
stage). The refined features serve as the foundation for accurately
estimating the actual channels, where it better reflects on the
channel characteristics within a less noisy environment. To
achieve this, two specialized NNs are designed and optimized
for the distinct tasks of sensing and communication channel
estimation. The NNs are carefully tailored to handle the specific
characteristics and requirements of their respective channels,
ensuring precise and reliable channel estimation. By leveraging
the enhanced quality of the input data from the first stage,
this approach aims to deliver superior estimation performance,
thereby facilitating more robust and efficient communication and
sensing operations in multi-user RIS-assisted ISAC systems.



1) Input-Output Design: According to the proposed design
of the first stage in Section III-A, the input to the channel
estimation stage is based on refined received signal (i.e., which
is obtained in the first stage). To this end, the communication
link design is represented as

ζUEk

S2
=

[
Re{ȳUE

k,1, ȳ
UE
k,2, . . . , ȳ

UE
k,C},

Im{ȳUE
k,1, ȳ

UE
k,2, . . . , ȳ

UE
k,C}

]T
. (22)

The output, representing the target, corresponds to the ground
truth channel, Rk, represented as

γUEk

S2
= [Re{vec[Rk]}.Im{vec[Rk]}]T . (23)

Similarly, the sensing link design is formulated as

ζBS
S2

=
[
Re{ȲBS

1 ,YBS
2 , . . . , ȲBS

C },
Im{ȲBS

1 , ȲBS
2 . · · · , ȲBS

C }
]T

, (24)

where the output is the ground truth channel, A, given as

γBS
S2

= [Re{vec[A]}, Im{vec[A]}]T . (25)

2) Training and Testing: In the channel estimation stage,
two distinct NNs are developed for separate functionalities:
sensing and communication. These are designated as S-EST
and C-EST, respectively. The S-EST network, which serves
the sensing link, is structured as FNN with input, hidden, and
output layers. The hidden layer is equipped with 100 neurons
and utilizes a tanh activation function. The use of an FNN is
motivated by the relatively lower dimensionality and structural
simplicity of the sensing estimation task, where a fully connected
architecture is sufficient to learn the required input-output map-
ping. By segmenting the estimation process into two phases,
the design allows the second NN, C-EST, to remain relatively
simple while still achieving effective performance with only
100 neurons. However, due to the higher dimensionality and
spatial structure of the cascaded communication channel, the
C-EST network is modeled as a CNN to better capture the
complex relationships inherent in this application. It consists
of an input, two hidden, and an output layer. The first hidden
layer is modeled as a convolutional layer equipped with 132
filters of size 4, using a tanh activation function and followed
by a flatten layer. The last hidden layer is structured as FF layer
with 900 neurons employing a linear activation function. This
task-specific architecture improves computational efficiency and
enhances the model approximation under various noisy condi-
tions. The Adam optimizer is utilized, where the learning rate set
at 2× 10−4 to tune the CNN parameters. Minibatch transitions,
each containing 200 samples, are randomly selected to minimize
training sample correlation. Additionally, a stopping criterion
is implemented during training: the process halts if validation
accuracy fails to improve for 5 sequential epochs, or if the
maximum number of epochs is reached, Tε = 200.

Given the input-output design of the estimation stage, the
(q, v)-th pair in the dataset is first pre-processed according to
(20). Additionally, the target label is scaled to enhance the
estimation accurancy, expressed as

γBS/UEk
s (q, x) = ργBS/UEk(q, x), (26)

TABLE II
ARCHITECTURE OF S-EST AND C-EST

where ρ is the scaling factor. To this end, the input-output pair of
the second stage is represented as (ζBS/UEk

std (q, x), γ
BS/UEk
s (x)).

To this end, the proposed CNN estimatesγBS/UEk during training
as

γ̂BS/UEk(x) ≈ f
(
ζ

BS/UEk

std (q, x),Λ
BS/UEk

CNN

)
, x ∈ N 1

X ,q ∈ N 1
Q,

(27)

where f(·; ΛBS/UEk

CNN ) denote the CNN associated with the estima-
tion task (i.e., sensing or communication). The proposed CNN
optimizes the loss function, L, by minimizing the mean square
error (MSE) to update Λ, as

L =
1

XQ

∑
x∈N 1

X ,q∈N 1
Q(

f
(
ζ

BS/UEk

std (q, x),Λ
BS/UEk

CNN

)
− γ̂BS/UEk(x)

)2
. (28)

In the testing phase, the input is firstly standardized as detailed
in (20). Subsequently, the output of the trained CNN is produced
as

γ̂BS/UEk(x) =
1
ρ
f
(
ζ

BS/UEk

std , Λ̂
BS/UEk

CNN

)
, (29)

where Λ̂BS/UEk represents the trained NN parameters. By per-
forming simple operations on the output of the network, such as
combining the real and imaginary parts, the estimated channels
can be obtained. Specifically, the estimated channels for the
sensing and communication links are represented as Â and R̂k,
respectively. The detailed working principles of both estimation
stages are provided in Algorithm 1, while Fig. 2 summarizes
the overall approach and demonstrates how both stages are
integrated together. Table II summarizes the proposed networks
architectures for the channel estimation task of the second stage.

C. Data Generation

The training samples are generated using Q received signals
(i.e., containing the communication and sensing signals in (14)
and (17), respectively). To enhance the dataset and improve
model generalization, data augmentation is applied by creat-
ing X − 1 additional variations of signal q. These augmented
samples are obtained by adding synthetic additive white Gaus-
sian noise to the original channel, following the signal-to-noise
ratio (SNR) relation SNRA/Rk

=
pA/Rk

σ2
A/Rk

, where pA/Rk
and



Fig. 2. Proposed estimation approach.

Algorithm 1: Proposed Estimation Approach.
Offline Training:
Stage 1:
Generate (ZUEk

S1
,LUEk

S1
) at the downlink UE and

(ZBS
S1

,LBS
S1

) at the ISAC BS according to (30) and (31);
Pre-process (ZBS

S1
,LBS

S1
) and (ZUEk

S1
,LUEk

S1
) according to

(20);
Initialize {ωh, bh}, h ∈ N

Nh
1 randomly;

Compute U according to (9);
Compute Λ̂ according to (13);

Output the trained networks with Λ̂
BS
ELM and Λ̂

UEk

ELM at the
ISAC BS and downlink UEk, respectively.

Stage 2:
Input the received signals to the trained ELM network in
stage 1, obtaining ȲBS

c and ȳUEk
c ;

Use the received signals to formulate (ZUEk

S2
,LUEk

S2
) at the

downlink UE and (ZBS
S2

,LBS
S2

) at the ISAC BS according
to (30) and (31);

Pre-process (ZBS
S2

,LBS
S2

) and (ZUEk

S2
,LUEk

S2
) according to

(20) and (26);
while t ≤ Tε or the validation accuracy increases over 5
sequential epochs do
Input the samples to the designed CNN f(·; ΛBS/UEk

CNN );
Update ΛCNN by minimizing L in (28);
Update t← t+ 1;

end while
Output the trained CNN f(·; Λ̂BS/UEk

CNN );
Online Testing:
Input: Received signals yUE

k,c and Yc
BS that are used to

generate the testing dataset ZBS and LUEk ;
Refine the received signals using the trained ELM network
in stage 1, obtaining ȲBS

c and ȳUEk
c ;

Use the refined signals to estimate A and Rk by using the
trained S-CNN and C-CNN, respectively;

Output: Estimated channels Â, R̂k.

σ2
A/Rk

represent the channel power and synthetic noise, respec-
tively [36]. The addition of noise during training reflects practi-
cal deployment scenarios, where ground-truth labels are not per-
fectly available. This strategy not only enhances robustness but
also encourages the model to learn generalized representations
that remain effective under varying noise conditions. Through

this augmentation strategy, the dataset can be formulated as

(ZUEk

Si
,LUEk

Si
) =

{(
ζUEk

Si(1,1), γ
UEk

Si(1)

)
,
(
ζUEk

Si(1,2), γ
UEk

Si(1)

)
, . . . ,(

ζUEk

Si(1,X), γ
UEk

Si(1)

)
,
(
ζUEk

Si(2,1), γ
UEk

Si(2)

)
,. . .,

(
ζUEk

Si(Q,X), γ
UEk

Si(Q)

)}
,

(30)

and

(ZBS
Si
,LBS

Si
) =

{(
ζBS
Si(1,1), γ

BS
Si(1)

)
,
(
ζBS
Si(1,2), γ

BS
Si(1)

)
, . . . ,(

ζBS
Si(1,X), γ

BS
Si(1)

)
,
(
ζBS
Si(2,1), γ

BS
Si(2)

)
,. . .,

(
ζBS
Si(Q,X), γ

BS
Si(Q)

)}
,

(31)

where i ∈ {1, 2} denotes the stage number.

IV. COMPLEXITY ANALYSIS

This section analyzes the computational complexity of the
proposed two-stage estimation approach, which consists of a
feature refinement stage followed by a channel estimation stage.
The complexity of each stage is evaluated separately by consid-
ering the operations performed by the NNs during the estimation
process. The analysis is derived based on the number of real
multiplications, CM, and additions, CA, required by the NN to
approximate sensing and communication channels. In the first
stage, the ELM-based network is used to refine the received
signal by extracting essential features. As ELM only contains
one hidden layer, let ηI , ηh, andηO denote the number of neurons
of the input, hidden, and output layers, respectively. Therefore,
the number of real multiplications and additions is respectively
expressed as

Cχ−ELM
M = ηχh (η

χ
I + ηχO), (32)

Cχ−ELM
A = ηχh (η

χ
I + ηχO + 1) + ηχO, (33)

where χ ∈ {S,C} denotes the network task (i.e., sensing and
communication) and is based on the parameters summarized in
Table I.

In the second stage, the refined signal is used to estimate
the desired channels using dedicated NNs for sensing and com-
munication links. Different models are designed based on the
estimation task as detailed in Section III-B, where a fully con-
nected network is designed for the sensing task and a CNN-based
network is designed for the communication task. This stage
involves additional layers of processing to accurately estimate
the channel parameters. To this end, based on the parameters



provided in Table II, the computational complexity associated
with the first FF layer (FFL) in the S-EST network is η1η2 real
multiplications and η1η2 + η2 real additions, where ηi represents
the number of neurons of the i-th layer. Accordingly, the required
number of multiplications and additions by the S-EST network
are respectively given as

CS-EST
M =

2∑
i=1

ηS
i η

S
i+1, (34)

CS-EST
A =

2∑
i=1

ηS
i η

S
i+1 +

2∑
i=1

ηS
i+1. (35)

In contrast, the C-EST network includes a convolutional layer
(CL), FFL, input and output layers. The output size of the first
CL is represented as

ηF =

⌊
ηC

1 − Fz

Fs
+ 1

⌋

=

⌊
2PC − Fz

Fs
+ 1

⌋
, (36)

where 	·
 is the floor operation, and Fz and Fs denote the filter
size and stride, respectively. As the flatten layer between the CL
and FFL does not involve addition or multiplication operations,
the computational complexity of C-EST is calculated by the
contribution of all the other layers. The number of required mul-
tiplications is formulated asFzηFFn, η3ηFFn, and η3η4, respec-
tively, where Fn is the number of filters. Moreover, the number
of additions is expressed as (Fz + 1)ηFFn, η3(ηFFn + 1), and
(η4 + 1)η3, respectively. Therefore, the overall computational
complexity of the C-EST framework is presented as

CC-EST
M = (Fz + ηC

3 )ηFFn + ηC
3 η

C
4 (37)

CC-EST
A = (Fz + ηC

3 + 1)ηFFn + (ηC
4 + 1)ηC

3 + ηC
4 . (38)

Consequently, the total number of multiplication and addition
operations of the proposed framework for the sensing task is
given as

CTotal - S
M = CS-ELM

M + CS-EST
M

= ηS
h(η

S
I + ηS

O) +

2∑
i=1

ηS
i η

S
i+1

= 4ηS
hMP + ηS

2 (2MP + 2M 2), (39)

and

CTotal - S
A = CS-ELM

A + CS-EST
A

= ηS
h(η

S
I + ηS

O + 1) + ηS
O +

2∑
i=1

ηS
i η

S
i+1 +

2∑
i=1

ηS
i+1

= ηS
h(4MP + 1) + 2MP + ηS

2 (2MP + 2M 2)

+ ηS
2 + 2M 2. (40)

Similarly, the total number of multiplications and additions
required by the proposed framework for the communication task

is given as

CTotal - C
M = CC-ELM

M + CC-EST
M

= ηC
h(η

C
I + ηC

O) + (Fz + ηC
3 )ηFFn + ηC

3 η
C
4

= 4ηC
hPC + (Fz + ηC

3 )ηFFn + ηC
3 2MN, (41)

and

CTotal - C
A = CC-ELM

A + CC-EST
A

= ηC
h(η

C
I + ηC

O + 1) + ηC
O + (Fz + ηC

3 + 1)ηFFn

+ (ηC
4 + 1)ηC

3 + ηC
4

= ηC
h(4PC + 1) + 2PC + (Fz + ηC

3 + 1)ηFFn

+ (2MN + 1)ηC
3 + 2MN. (42)

V. SIMULATION RESULTS

This section presents comprehensive simulation results to
assess the performance of the proposed two-stage estimation
approach. The simulations are designed to evaluate the effective-
ness of both the signal refinement and channel estimation stages
under various conditions. The performance of the proposed
method is compared to the literature approaches to demonstrate
its superiority in terms of accuracy and computational efficiency.
The simulation parameters, evaluation metrics, and test cases are
detailed in the following subsections.

A. Simulation Parameters

In the following simulation results, consider K = 3, N =
30, and M = 4 unless otherwise stated. The sensing channel is
modeled as in [47], [48] referring to the radar channel model,
expressed as

A = αa(θ)a(θ)H , (43)

whereα represents the reflection coefficient related to the target,
with phase shifts uniformly distributed within the range [0, 2π).
The corresponding steering vector, a(θ), is defined as

a(θ) =
[
1, ej

2πd
λ

sin(θ), . . . , ej
2πd(M−1)

λ
sin(θ)

]T
. (44)

In this context, θ, d, and λ represent the azimuth angle, the an-
tenna spacing at the BS, and the signal wavelength, respectively,
with θ set to − 2π

3 . Meanwhile, the communication channels
follow a Rician distribution, presented as

c =
√
PL

(
K1

K1 + 1
c̄+

1
K1 + 1

c̃

)
, (45)

where c denotes the communication channels, including H
and bk, while K1 indicates the Rician factor. The line-of-
sight (LoS) components are represented by h̄, and defined as
c̄ = a(θ̇)a(θ̄)H , resembling the structure of (44). In this case,
a(θ̇) and a(θ̄) correspond to the departure and arrival angles,
respectively, both set to π

3 . The non-LoS components, c̃, consist
of independent and identically distributed elements following
CN (0, 1). The Rician factor is set toK1 = 10 forH andK1 = 0
for bk, the latter representing Rayleigh fading [40].



The path loss (PL) model is defined by the expression PL =

PLr(
dj

dr
)−εj , where dj represents the link distance, PLr repre-

sents the reference path loss at distance dr, and εj indicates the
path loss exponent. For simulation purposes, the reference path
loss is set to PLr = −30 dBm at dr = 1 m. The PL exponents
for the BS-target-BS, BS-RIS, and RIS-UEk links are set to
ε1 = 3, ε2 = 2.3, and ε3 = 2, respectively. The corresponding
distances are defined as d1 = 140 m, d2 = 50 m, and d3 = 2 m.
Following the approach in [36], [49], the ISAC BS transmit
power is configured as 20 dBm.

The dataset size is configured to Q×X = 104 for each SNR
level, with Q = 1000 and X = 10. We allocate 90% of the data
for training and 10% for testing. During the training phase, the
SNR values of the generated data are set as SNR = 10 : 5 :
20 dB, while the testing phase uses an extended rage of SNR
values SNR = −10 : 2.5 : 20 dB. This selection of the SNR
range ensures that the model encounters not only unseen samples
but also conditions outside its training experience. This approach
demonstrates the model generalization capabilities, eliminating
the necessity to estimate the SNR prior to channel estimation
stage in practical scenarios.

To assess the performance of the proposed approach, the
normalized MSE (NMSE) is utilized as the primary evaluation
metric, defined as

NMSE = E

{∥∥cEstimated − cTrue

∥∥2
F∥∥cTrue

∥∥2
F

}
, (46)

where
∥∥·∥∥

F
is the F -norm of a matrix. The works in [36]

and [38] are adopted as benchmarks to effectively evaluate the
performance of the proposed algorithm in the subsequent sub-
sections. This comparative analysis provides a comprehensive
understanding of the advantages and potential improvements
offered by the proposed estimation approach.

B. Impact of Varying SNR

Fig. 3 shows the estimation performance under various SNR
conditions, where Fig. 3(a) illustrates the performance of the
feature refinement stage and Fig. 3(b) demonstrates the overall
estimation performance for both sensing and communication
links. In Fig. 3(a), the focus is solely on refining the received
signal without performing actual channel estimation. The base-
line in this context assumes the received signal itself, without
any denoising process, while the ELM-based approach applies
feature refinement to suppress noise. The NMSE here indicates
the difference between the refined signal and the ideal signal,
providing a measure of how closely the processed signal approx-
imates the received signal. As expected, the performance of both
the baseline and the ELM-based approach improves with higher
SNRs, since the noise is reduced. However, it is evident that the
ELM-based approach achieves superior performance compared
to the baseline. The ELM-based refinement effectively enhances
the signal quality, as shown by the lower NMSE values across
all SNRs. This indicates that the proposed method can extract
essential features and mitigate noise, setting a solid foundation
for the subsequent channel estimation stage.

Fig. 3. Estimation performance versus SNR: (a) Stage 1, (b) Stage 2.

Fig. 3(b) shows that the proposed algorithm demonstrates a
significant improvement compared to the baseline estimation
approach presented in [36] and [38]. For the sensing link esti-
mation, the performance of the proposed method is comparable
to that of the benchmark approach in [38] in the low SNR range
(i.e., for SNR = −10 : 0 dB). However, as the SNR increases,
the proposed method exhibits substantial improvements. This
performance gain can be partially attributed to the fact that the
SNR range used in training was between 10 and 20 dB, enabling
the model to perform well at higher SNR values. Additionally,
the augmented performance can be attributed to the effective
feature extraction capability of the first stage, which significantly
enhances the signal quality and provides a refined input for the
second stage. It is worth noting that the communication channel
estimation, Rk, is inherently more complex due to the cascaded
relationship illustrated in (14). However, the proposed algo-
rithm achieves a remarkable performance, outperforming the
benchmark approaches across all SNR levels. This demonstrates
the efficacy of the two-stage estimation approach in handling



Fig. 4. Estimation performance of the proposed two-stage framework versus
a direct one-stage approach for A and Rk .

the complexity of cascaded channels. The figure further high-
lights the generalization performance of the proposed approach,
demonstrating its superior performance compared to benchmark
methods, even within SNR ranges excluded from the training
phase.

To further assess the contribution of the feature refinement
stage, Fig. 4 presents a comparison between the proposed two-
stage framework and a direct one-stage estimation approach. In
the latter, the same networks used in the second stage of the
proposed method (i.e., S-EST and C-EST) are directly applied
to estimate the channels from the noisy input signals, without the
benefit of the ELM-based denoising stage. All hyperparameters
and training settings are kept identical to ensure a fair compari-
son. As can be seen, the proposed two-stage approach achieves
consistently superior performance across all SNR levels for both
the sensing channel, A, and the communication channel, Rk.
This result confirms that the two-stage design not only improves
estimation accuracy but also enhances robustness under practical
noise conditions.

C. Impact of Varying ηh

Fig. 5 shows the NMSE performance of the ELM-based
feature refinement stage as a function of the number of hidden
neurons, ηh, for both the cascaded communication channel, Rk,
and the sensing channel, A. The results are shown at −5 dB
and 10 dB. As ηh increases, the ELM approximation capability
improves, resulting in progressively lower NMSE values. In the
low neuron range, fluctuations in NMSE are observed due to
limited model capacity. As the number of hidden neurons in-
creases, the performance stabilizes and eventually saturates, in-
dicating convergence. For the sensing channel, A, convergence
is observed around ηh = 200, whereas for the more complex
communication channel, Rk, convergence occurs at a higher
value, approximately ηh = 400. This behavior is expected, as
estimating the cascaded channel structure in the communica-
tion scenario is inherently more challenging and requires a

Fig. 5. NMSE performance for the first stage versus ηh.

Fig. 6. NMSE performance for the first stage versus M at N = 30.

higher-capacity model for effective denoising. Moreover, it is
evident from the figure that for both sensing and communication
channels, the convergence is slower at lower SNR levels. For
instance, at −5 dB, the performance saturates more gradually
compared to the higher SNR case (e.g., 10 dB). This is consistent
with expectations, since higher noise levels require a larger num-
ber of neurons to extract meaningful features and suppress noise
effectively. Based on these observations, the hidden layer sizes
for the ELM modules are selected as ηS

h = 200 and ηC
h = 900 for

the for the S-ELM and C-ELM, respectively. The larger setting
for C-ELM is chosen to accommodate larger-scale scenarios
(i.e., larger configurations of M and N ). These configurations
ensure that the ELM modules operate in the convergence regime,
thereby enabling stable feature refinement performance, as fur-
ther evidenced in the subsequent simulation results.

D. Impact of Varying M

Fig. 6 examines the performance of the feature refinement
as M changes at −5 dB and 10 dB SNR, respectively. As illus-
trated, the NMSE performance remains relatively stable across



Fig. 7. NMSE performance for the second stage versus M at N = 30: (a)
Sensing channel, (b) Communication channel.

different values of M , indicating that the feature refinement
stage effectively mitigates noise even at a larger scale. This
stability shows the robustness of the proposed ELM-based ap-
proach in handling noise and maintaining good performance
regardless of the number of antennas. At SNR = 10 dB, the
performance of the proposed method is further enhanced. The
NMSE decreases as the number of antennas increases, indicating
that the ELM-based model benefits from the additional antennas
by providing more accurate signal enhancement.

Fig. 7 analyzes the performance of the channel estimation
stage for both sensing and communication links as M increases
under the same SNR conditions as in Fig. 6. Fig. 7(a) demon-
strates the performance of the proposed approach in estimating
the sensing channel, A. At −5 dB SNR, the NMSE of the
proposed approach decreases as the number of antennas in-
creases and maintains a stable performance. While the proposed
approach outperformes the performance presented in [36], it has

a comparable performance to the benchmark in [38]. This was
also shown in Fig. 3(b), where the proposed algorithm achieves
similar performance to the CGAN-based approach in [38] in the
low SNR region, up to SNR = 0 dB. However, at SNR = 10 dB,
the proposed approach significantly enhances the performance
when compared to both benchmark methods. In particular, at
M = 16, the proposed approach achieves an NMSE of approxi-
mately 5× 10−5, while the benchmark methods in [36] and [38]
achieve NMSE values of around 2.9× 10−4, respectively. This
trend proves that the proposed method consistently outperforms
the benchmark methods and remains stable even when increas-
ing the channel dimensions. This is attributed to the effectiveness
of the feature refinement and estimation stages in enhancing the
quality of received signals and estimation accuracy.

Fig. 7(b) studies the performance of the proposed framework
in estimating the communication channel, Rk, while varying
M under two SNR values. As can be seen, at SNR = −5 dB,
the proposed algorithm outperforms the estimation performance
in [36], but exhibits comparable performance to the benchmark
in [38]. This feature highlights the robustness of the proposed
model, showing its capability to handle noisy measurements
as effectively as the CGAN network proposed in [38]. While
CGAN works intelligently to generate data and manage noise,
regular NNs typically struggle in such conditions. However, our
two-stage approach, incorporating feature refinement followed
by channel estimation, enables similar high performance by
effectively denoising and accurately estimating channels, thus
matching the strengths of [38] without the added complexity
of a discriminator network and the intricate training process.
It is also worth noting that the estimation performance en-
hances as M increases, showcasing its ability in generalizing
to larger-scale systems. On the other hand, at SNR = 10 dB,
the proposed estimation approach significantly outperforms both
benchmark methods. For instance, at M = 12, the proposed ap-
proach achieves an NMSE of approximately 2.4× 10−3, while
the benchmark methods in [36] and [38] achieve NMSE values
of around 6.1× 10−2 and 2× 10−2, respectively. There is a
gradual increase in NMSE of the proposed algorithm as M in-
creases. This phenomenon can be attributed to the complexities
associated with capturing high-dimensional dependencies in the
data. This is particularly evident as the network architecture
and optimization have been primarily tuned for small channel
dimensions, where the number of antennas and RIS elements are
set to M = 4 and N = 30, respectively. Despite this, the overall
performance of the proposed method consistently surpasses
that of both benchmark methods. The significant improvement
observed, even with the slight increase in NMSE at higher SNRs,
highlights the robustness and effectiveness of our two-stage
approach in denoising and accurately estimating channels across
various SNR levels.

E. Impact of Varying N

Fig. 8 illustrates the performance of the proposed approach
in estimating the communication channel, Rk, as the number of
reflecting elements, N , varies, under the same SNR conditions
as in Fig. 6. At an SNR of −5 dB, the proposed algorithm



Fig. 8. NMSE performance for the communication channel estimation versus
N at M = 4.

shows slight enhancement over the benchmark method in [38].
The NMSE for the proposed algorithm remains stable even
as the number of RIS elements increases. This demonstrates
the robustness of the proposed method in low SNR conditions,
effectively mitigating the noise and providing accurate channel
estimates. It is worth noting that one of the main advantages of
the proposed CGAN approach in [38] is its ability to generate
accurate estimates from noisy data (i.e., at low SNR) by leverag-
ing the generative process. However, our approach mimics this
beneficial behavior while avoiding the added complexity of the
discriminator network, thus offering a more efficient solution.
Alternatively, at an SNR of 10 dB, the proposed algorithm
shows significant improvement over the benchmark methods.
This indicates that it can leverage the higher SNR to extract
essential features, resulting in much lower NMSE values in
the estimation stage across various SNR ranges. Overall, the
proposed algorithm performance proves its capability in han-
dling complex relationships and larger state spaces, showcasing
its robustness and effectiveness across varying numbers of RIS
reflecting elements.

F. Complexity Evaluation

Fig. 9(a) and (b) compare the computational complexity of the
proposed method with the state-of-the-art approach in [36]. It is
worth noting that the work in [38] achieves a similar complexity
to [36]. Therefore, for clarity of presentation, the results focus
on a comparison with [36]. The analysis is based on the number
of real additions and multiplications needed for each method.
Furthermore, these figures shows the complexity reduction of
using the proposed two-stage algorithm over the benchmark
scheme, which is expressed as

Reduction =
C [36]

χ − CProposed
χ

C [36]
χ

, χ ∈ {A,M}. (47)

Fig. 9(a) shows the computational complexity and reduction per-
centage of approximating A as M increases. It can be seen that
the proposed approach shows a significant reduction compared

Fig. 9. Computational complexity evaluation: (a) Sensing link, (b) Commu-
nication link.

to the benchmark. In particular, the proposed method achieves
a reduction ranging from approximately 75% to 50% as the
number of antennas increases. This considerable reduction in
complexity, particularly maintaining a reduction close to 50%
even for larger antenna arrays, highlights the efficiency and
scalability of the proposed approach. It is worth noting the while
the proposed algorithm realizes a substantial reduction in com-
plexity, it achieves a significant improvement in performance as
shown in Fig. 3.

Furthermore, Fig. 9(b) illustrates the computational com-
plexity and reduction percentage of estimating Rk as N in-
creases. It can also be seen here that the proposed method
consistently reduces the computational complexity compared to
the benchmark. Specifically, the complexity reduction for real
additions ranges from approximately 10.5% to 11.8%, while for
multiplications, it ranges from around 10.2% to 11.6%. It can
be observed that the complexity reduction in communication
channel estimation is moderate. This is due to the inherent chal-
lenges of estimating communication channels, which typically
require more sophisticated models. Despite these challenges, the
proposed approach manages to maintain a complexity compa-
rable to the benchmark while considerably outperforming it in
terms of estimation performance, proving its effectiveness and
robustness under various practical system configurations.



Fig. 10. Runtime complexity evaluation: (a) Training time, (b) Testing time,
for A and Rk .

In addition to the theoretical analysis of computational com-
plexity, Fig. 10 presents the empirical runtime evaluation of the
proposed framework compared to the benchmark approach in
terms of training and testing times. As shown in Fig. 10(a), the
proposed method achieves consistently lower training time than
the benchmark across different values ofM andN . For example,
whenM = 16, the training time for estimating the sensing chan-
nelA is approximately 60 seconds using the proposed approach,
compared to over 90 seconds for the benchmark. Similarly, for
the communication channel Rk, the proposed method reduces
the training time from about 12,600 seconds to 8,300 seconds
when N = 90. These improvements are primarily attributed to
the architectural efficiency of the proposed two-stage design and
the lightweight networks used in both stages.

Fig. 10(b) shows the testing time per sample, which corre-
sponds to the real-time inference phase. As expected, the testing
times are significantly lower than training times. The proposed
method continues to show a consistent advantage. For instance,
atM = 16, the test time for sensing is approximately 3.6× 10−5

seconds per sample, compared to 4.2× 10−5 seconds in the
benchmark. Similarly, for the communication channel with
N = 90, the proposed framework reduces inference time from
roughly 5.7× 10−4 to 3.4× 10−4 seconds per sample. These
findings complement the computational complexity reductions

and confirm that the proposed method not only achieves lower
computational complexity but also results in faster practical
execution, making it suitable for practical RIS-assisted ISAC
systems.

VI. CONCLUSION

This paper introduced a novel two-stage approach for enhanc-
ing the channel estimation performance of RIS-assisted ISAC
systems. The first stage focuses on feature refinement, where an
ELM-based NN is employed to enhance the quality the received
signals, effectively extracting essential channel features. In the
second stage, the refined signals are used to estimate the desired
channels with dedicated NNs tailored for sensing and commu-
nication tasks. The proposed method demonstrated significant
improvements in channels estimation accuracy, outperforming
existing benchmark methods across various SNR conditions.
In terms of computational complexity, the proposed two-stage
approach archived a remarkable reduction, ranging between
50% and 75% for the sensing channel, and between 10.5%
and 11.8% for the communication channel. These results high-
lighted the efficiency and robustness of the proposed approach,
making it a potential solution for improving the robustness and
complexity of RIS-assisted ISAC systems. Future works could
explore extensions of the proposed channel estimation approach
to address more practical challenges. These include accommo-
dating multi-target scenarios, user and target mobility, and the
use of real channel measurement data to validate the model under
practical propagation conditions. Additionally, transfer learning
techniques can be integrated to adapt pre-trained models to new
environments using limited real-world data, thereby reducing
retraining costs.
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