
Conditional Generative Adversarial Networks for
Channel Estimation in RIS-Assisted ISAC Systems
Alice Faisal, Graduate Member, IEEE, Ibrahim Al-Nahhal, Senior Member, IEEE, Kyesan Lee, Member, IEEE,

Octavia A. Dobre, Fellow, IEEE, and Hyundong Shin, Fellow, IEEE

Abstract—Integrated sensing and communication (ISAC) tech-
nology has been explored as a potential advancement for future
wireless networks, striving to effectively use spectral resources
for both communication and sensing. The integration of reconfig-
urable intelligent surfaces (RIS) with ISAC further enhances this
capability by optimizing the propagation environment, thereby
improving both the sensing accuracy and communication quality.
Within this domain, accurate channel estimation is crucial to
ensure a reliable deployment. Traditional deep learning (DL)
approaches, while effective, can impose performance limitations
in modeling the complex dynamics of wireless channels. This
paper proposes a novel application of conditional generative
adversarial networks (CGANs) to solve the channel estimation
problem of an RIS-assisted ISAC system. The CGAN framework
adversarially trains two DL networks, enabling the generator
network to not only learn the mapping relationship from observed
data to real channel conditions but also to improve its output
based on the discriminator network feedback, thus effectively
optimizing the training process and estimation accuracy. The
numerical simulations demonstrate that the proposed CGAN-
based method improves the estimation performance effectively
compared to conventional DL techniques. The results highlight
the CGAN’s potential to revolutionize channel estimation, paving
the way for more accurate and reliable ISAC deployments.

Index Terms—Integrated sensing and communication (ISAC),
reconfigurable intelligent surface (RIS), channel estimation,
deep learning (DL), conditional generative adversarial networks
(CGAN).

I. INTRODUCTION

THE recent releases by the third generation partnership
project (3GPP) represent crucial advancements in the

evolution of fifth-generation (5G) networks, aiming at realizing 
the full potential of 5G and bridging the transition to the
sixth-generation (6G) networks. One of the key focus areas
of 3GPP Release-19 is the integration of sensing capabilities 
into communication networks, which paves the way for new
applications [1], [2]. To this end, integrated sensing and 
communication (ISAC) is envisioned to play a key role in
future generations of wireless networks by efficiently merging
radar sensing with communication technologies within a single 
system. This convergence is expected to enhance spectrum
utilization and reduce hardware costs compared to deploying
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separate systems with independent hardware for each function.
ISAC is well-suited for a wide range of applications, such as
drone operation, industrial automation, and health monitoring,
where simultaneous data transmission and environmental sens-
ing is needed.

ISAC has been investigated in the literature from various
perspectives to realize its full potential [3]–[10]. In partic-
ular, novel ISAC transceivers were investigated through the
development of advanced beamforming and signal process-
ing techniques [3]–[5]. Privacy and security concerns were
addressed through the design of robust security protocols
and privacy-preserving methods [6]. Some works focused on
resource allocation problems in ISAC-based systems to main-
tain effective sensing and communication (SAC) operations
[7]–[10]. Solving optimization problems in ISAC systems
often involve complex trade-offs between enhancing signal
quality and optimizing power consumption across both SAC
tasks. ISAC faces additional challenges, such as complex
interference management issues that arise from simultaneously
handling SAC tasks. Furthermore, the overlapping use of the
spectrum for both functions can lead to signal contamina-
tion, necessitating advanced signal processing techniques to
effectively distinguish between communication signals and
sensing echoes. Moreover, the dual-use can also introduce
power management difficulties, as both SAC operations can
be power-intensive. Addressing these challenges is crucial for
realizing the potential of ISAC networks.

Besides ISAC, the reconfigurable intelligent surfaces (RIS)
have emerged as a potential technology to meet the demands
of next-generation wireless networks. RIS consists of a two-
dimensional array of low-cost passive elements that can be
individually controlled to tune the phase, amplitude, and
polarization of incoming signal. This enables RIS to effectively
mitigate interference, enhance signal strength at the receiver-
side, and extend the wireless communication coverage [11].
Due to the unique properties of RIS and ISAC, the integration
of both technologies represents a significant advancement in
the development of future wireless networks. Notably, RIS can
be deployed to help combat some of the ISAC system chal-
lenges. In particular, RIS can mitigate interference between
SAC signals by enabling precise control over the propagation
environment. Additionally, the passive nature of RIS elements
can help reduce the overall energy consumption of the ISAC
systems. This capability enhances the wireless communication
signal quality and minimizes the system power simultaneously.

Recently, the joint integration of ISAC and RIS has been
investigated in various wireless communication scenarios
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[12]–[16]. For example, the authors in [12] and [13] focused 
on optimizing the base station (BS) transmit precoding and 
RIS phase shifts to improve the radar estimation performance 
subject to the signal-to-interference-plus-noise ratio require-
ments of communication users. Furthermore, the work in [14] 
developed a beam training scheme that enables the BS to 
communicate with the users while also sensing targets. This 
approach distinguishes between the RIS and targets based 
on their mixed echoes, which is crucial to ensure seamless 
integration of RIS-assisted ISAC systems. Since conventional 
methods often face limitations, either suffering from high 
computational complexity when using iterative approaches 
or poor performance when using heuristic approaches, some 
studies considered deep learning (DL) for resource allocation 
tasks [17], [18].

It is important to note that accurate channel state in-
formation (CSI) is needed for all the above designs. The 
aforementioned works generally assumed that CSI is available 
at the receiver side and only focused on the resource allocation 
and interference mitigation problems in RIS-assisted ISAC 
systems. However, in practical scenarios, obtaining accurate 
CSI poses a significant c hallenge d ue t o t he coexistence 
of SAC channels within the same system. This introduces 
the need of innovative channel estimation strategies that can 
effectively distinguish between the mixed signals in RIS-
assisted ISAC systems, ensuring both accurate sensing data 
and reliable communication. Despite its importance, only a 
limited number of studies addressed the channel estimation 
challenges in RIS-assisted ISAC systems [19]–[22]. In [19], 
the authors focused on a single-RIS-assisted ISAC system and 
introduced a novel three-stage method to simplify the channel 
estimation process. The presented approach starts with direct 
channels estimation, followed by the estimation of reflected 
communication channel, and finally the reflected sensing chan-
nel. This framework utilizes two distinct convolutional neural 
network (CNN) models to accurately estimate the channels 
at the ISAC BS. Furthermore, the work in [20] considered a 
multi-user downlink RIS-assisted ISAC system and proposed 
two deep neural network (DNN) models to estimate the 
SAC channels. Specifically, t he fi rst DN N is  im plemented at 
the ISAC BS for the sensing channel estimation, while the 
second is deployed at each downlink user for communication 
channel estimation. Finally, the work in [21] considered a 
multi-user RIS-assisted ISAC system and proposed a two-
stage framework to estimate the SAC channels, focusing 
sequentially on the direct and reflected l inks. T he presented 
framework considered extreme learning machine to meet the 
system requirements with accelerated training speed.

All the above works have benchmarked their performance 
against the least squares (LS) estimation technique. While 
commonly used, the LS estimation has several limitations in-
cluding its sensitivity to noise, which can significantly degrade 
its performance in scenarios with low signal-to-noise ratio 
(SNR). Additionally, the LS estimator does not account for 
model non-linearities in the system, which can lead to biased 
and inefficient e stimates i n R IS-assisted I SAC environments. 
This gap points to the necessity for innovative approaches that 
enhance the estimation performance efficiently. Therefore, this

work applies the conditional generative adversarial networks
(CGANs) for channel estimation in RIS-assisted ISAC sys-
tems. Unlike regular DL methods that typically learn to map
inputs to outputs in a supervised fashion, CGANs operate by
training two models: a generator that creates data following
the real data distribution, and a discriminator that learns to
distinguish between the real and fake (i.e., generated) data.
This adversarial process allows CGANs to generate accurate
data and capture complex distributions, thereby enhancing the
estimation and generalization capabilities over standard DL
approaches. To the best of the authors’ knowledge, this is
the first work to consider employing CGANs for channel
estimation tasks in multi-user RIS-assisted ISAC systems. The
contributions of this paper are summarized as follows:

• A CGAN-based estimation framework, incorporating two
distinct DNN architectures, is devised to estimate the
SAC channels for a multi-user RIS-assisted ISAC system.
One DNN operates at the ISAC BS to estimate the
sensing channel, while the other one is deployed at each
downlink user to estimate the cascaded communication
channel.

• A custom loss function is carefully designed for training
the proposed CGAN-based estimator to ensure accurate
and robust channel estimation performance even in envi-
ronments with low SNRs.

• The proposed CGAN framework operates as a minimax
two-player game, where the generative and discrimina-
tive models continuously compete and evolve during the
training process. This dynamic interaction leads to a gen-
erative model capable of producing channel samples that
mimic real distribution patterns. This advanced approach
enables the CGAN to exhibit exceptional adaptability
and scalability, which is essential for RIS-assisted ISAC
systems.

• The proposed CGAN-based channel estimation approach
demonstrates strong generalization capabilities, where it
achieves robust performance at SNR ranges that are not
considered during the training phase. This robustness
indicate that the model effectively eliminates the need
for the SNR estimation stage in practical deployments.

• The computational complexity of the proposed CGAN
approach is evaluated based on the number of real addi-
tions and multiplications. The numerical results indicate
that the proposed algorithm achieves a complexity com-
parable to the DL-based benchmark estimator, which sat-
isfies the low-cost deployment demands of RIS-assisted
ISAC systems.

• Extensive simulations are conducted to validate the esti-
mation performance of the proposed approach. Numerical
findings prove that the proposed method significantly
outperforms the conventional DL-based approaches in the
literature under a range of SNR conditions and system
parameters.

The remainder of this paper1is organized as follows: The
system model and problem formulation are introduced in Sec-
tion II. The proposed channel estimation approach is presented
in Section III, and the computational complexity is analyzed
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Fig. 1. RIS-assisted ISAC system. (a) System model, (b) Pilot protocol.

in Section IV. Finally, simulation results are shown in Section
V and conclusions are drawn in Section VI.

II. SYSTEM MODEL

Consider an RIS-assisted multiple-input single-output
(MISO) ISAC system as illustrated in Fig. 1a, where the RIS
facilitates the communication between the ISAC BS and K
downlink user equipments (UEs) and the BS communicates
with a target for sensing purposes. The BS has M transmit an-
tennas and one receive antenna, and each UE is equipped with
one receive antenna. The RIS consists of N programmable
reflecting elements. For target sensing, the BS sends radar
signals towards the target and receives the echo signals through
the BS-target-BS channel, denoted by A ∈ CM×M . The
channel coefficients of the BS-RIS, RIS-UEk, and BS-UEk are
represented as H ∈ CM×N , rk ∈ CN×1, and dk ∈ CM×1,
respectively. Note that all the SAC channels are assumed
to be flat-fading considering the narrowband transmission
[23]–[26]. Given that the ISAC BS operates in full-duplex
mode, transmitting and receiving signals simultaneously, it
experiences self-interference (SI); the SI channel is represented
as S ∈ CM×M .

A pilot transmission policy is developed to estimate the SAC
channels in the multi-user RIS-assisted ISAC system, as shown

1Boldface uppercase and lowercase letters denote matrices and vectors,
respectively. C and CN stand for a complex-valued variable and a complex-
valued normally distributed random variable, respectively. Re{·} and Im{·}
denote the real and imaginary components of a variable, respectively. E{·}
denotes the expectation operation. The operators (·)H, vec[·], (·)−1, ‖ · ‖2,
and ‖ ·‖F represent the Hermitian, vectorization, inverse, second order norm,
and Frobenius norm of their arguments, respectively. diag{x} returns a matrix
whose diagonal consists of the elements of x.

in Fig. 1b. The ISAC BS transmits pilot sequences in C sub-
frames, in which each sub-frame is divided into P time slots.
The pilot signal of the ISAC BS at the p-th time slot is defined
as xp ∈ CM×1. To this end, the pilot matrix in sub-frame c is
represented as Xc = [x1,x2, · · · ,xP ] ∈ CM×P . It is worth
noting that the ISAC BS transmits the same pilot sequences
(i.e., denoted as X) in each sub-frame. Consequently, the
RIS phase shifts remain unchanged within a single sub-frame,
being denoted by θc ∈ CN×1. The corresponding phase shift
matrix is represented by Θ = [θ1,θ2, · · · ,θC ] ∈ CN×C .
Let P = M and C = N to accommodate the necessity for
low pilot overhead. This design allows to effectively capture
the necessary channel information without requiring additional
pilot resources, which significantly reduces redundancy and
prevents excessive pilot usage. Furthermore, both X and Θ
are modeled as a discrete Fourier transform (DFT) matrix,
expressed as

X =


1 1 · · · 1
1 X1 · · · XP−1

...
...

. . .
...

1 XM−1 · · · X(M−1)(P−1)

 , (1)

where X(m,p) = 1√
M
ej

2π
M mp is the (m, p)-th entry of X.

Modeling X as a DFT matrix helps combat the interference
between the SAC signals and distinguish between multi-user
signals. Furthermore, it has been demonstrated that designing
Θ as a DFT matrix helps to boost the power of the received
signal at UEs and ensure accurate channel estimation [27].

To this end, the received signal at the k-th downlink UE for
sub-frame c and time slot p is expressed as

yUE
k,c,p =

(
rHk diag{θH

c }HH + dH
k

)
xp + nk,c,p. (2)

Here, nk,c,p ∼ CN (0, σ2) is the complex additive white
Gaussian noise (AWGN) with zero-mean and variance σ2. The
RIS phase shifts are expressed as [28]

θc =
[
βce

jϕc,1 , βce
jϕc,2 , · · · , βce

jϕc,N
]T

,

ϕc,n ∈ [0, 2π), βc ∈ [0, 1] ,
(3)

where βc ∈ [0, 1] represents the RIS element amplitude. The
direct link is assumed to be blocked by obstacles and the
reflected link is considered to support the communication.
Here, diag {.} transforms a vector into a diagonal matrix. This
transformation implies the following

diag {θc} rk = [θ1r1, θ2r2, · · · , θNrN ] . (4)

Similarly, constructing diag{rk} and multiplying it by θc

would produce the same result, confirming the equality
diag{θc}rk = diag{rk}θc [29]. Using this property, the
cascaded reflected channel of the BS-RIS-UEk is expressed
as

Gk = Hdiag{rk} ∈ CM×N . (5)

Therefore, (2) can be formulated as



yUE
k,c,p = θH

c GH
k xp + nk,c,p. (6)

On the other hand, the received signal at the ISAC BS is
expressed as

yBS
c,p = AHxp︸ ︷︷ ︸

Sensing signal

+SHxp︸ ︷︷ ︸
SI

+nc,p, (7)

where nc,p ∼ CN (0, σ2IM ) denotes the complex AWGN with
zero-mean and variance σ2. Here, IM represents an identity
matrix with size M . Since the propagation environment be-
tween the ISAC BS transmitting and receiving antennas is
presumed to be stable [30], the SI channel, S, can be pre-
determined at the ISAC BS. This allows for the compensation
of any residual SI in (7) prior to the SAC estimation process.
The estimation problems of the SAC channels in (6) and (7)
are challenging. In what follows, we propose a novel approach
to estimate both Gk and A based on the pilot protocol in Fig.
1b.

III. PROPOSED ESTIMATION APPROACH

In traditional DL approaches for channel estimation, per-
formance can saturate or generalize poorly when dealing with
noisy or complex data environments, due to their dependence
on direct mappings from input to output data. To address
these limitations, the proposed method leverages GANs, which
integrate a network feedback to refine the generation process.
This adversarial setup not only enhances the ability to handle
diverse and noisy datasets but also improves the network
capability to generate realistic channel estimates that closely
mimic actual channel conditions, ensuring robust performance
across various scenarios. This section provides an overview of
GANs and then details the proposed framework for the channel
estimation problem in RIS-assisted ISAC systems.

A. Overview of Generative Adversarial Networks

GANs are a novel class of DL frameworks introduced in
[31], consisting of two DNNs: the generator and discriminator.
In this framework, the generator strives to produce data
that cannot be distinguished from the original dataset. The
discriminator, on the other hand, tries to classify the given
data as real or fake (i.e., generated samples). Both networks
engage in a continuous adversarial training process, where the
discriminator learns to identify generated data more accurately
and the generator learns to better generate data samples given
the mutual feedback. This process continues until the generator
learns to produce real-like samples that the discriminator fails
to identify as fake.

GANs and their variants have been utilized across a range
of applications beyond the realm of wireless communications.
It has been considered to generate synthetic human faces and
transforming real-world scenery images into styles of famous
paintings [32]. Additional examples include enhancing image
resolution, and generating music, audio, and video [33]–[35].
In the field of wireless communications, GANs have emerged
as powerful tool for various applications [36]. In particular,

GANs has been used to generate synthetic data that augment
existing datasets in situations where collecting real wireless
communication data is challenging. This is particularly useful
for tasks such as signal classification, mitigating wireless
jamming attacks, and spectrum sensing [37]–[39]. GANs have
been further considered for optimizing wireless systems, where
they learn to generate accurate resource allocation decisions by
modeling the network environment and the continuous feed-
back from the discriminator [40]. Overall, GANs contribute
significantly to advancements in network design, optimization,
and data generation in wireless communications, driving for-
ward innovations that enhance the efficiency and reliability of
wireless systems.

In traditional GANs, the generator, G, takes as an input
random noise vector, z, typically drawn from a Gaussian or
uniform distribution, d(z). It outputs data that resemble the
target data on which the model was trained, denoted by G(z).
The discriminator takes the target (i.e., real data) as an input,
x, with distribution d(x), and the generated data, G(z). The
output of the discriminator is a binary classification, D(x) and
D(G(z)) ∈ {0, 1}, where the goal is to determine whether the
given data are real or fake. The objective function of GANs
is represented as

min
G

max
D

Ex∼d(x) [log(D(x))]+Ez∼d(z) [log(1−D(G(z)))] .

(8)
The first term in (8) represents the expected value of the
discriminator output (i.e., probability that x is real) over all
real data samples, x. The discriminator focuses on maximize
this term by assigning higher probabilities to real data, thus
maximizing log(D(x)). Furthermore, the discriminator aims
to maximize the value of the second term by minimizing
D(G(z)) (i.e., probability that input is generated). On the other
hand, the generator aims to maximize D(G(z)) by convincing
the discriminator that the generated input is real.

Both the generator and discriminator are updated through
an iterative process, each using a distinct loss function de-
rived from the overall objective function in (8). This training
process involves alternating updates to the discriminator and
the generator with the goal of optimizing their respective
loss functions. The loss functions of the discriminator and
generator are respectively given as

LD = −1

2

b∑
j=1

[logD(xj) + log(1−D(G(zj)))] , (9)

and

LG = −1

b

b∑
j=1

logD(G(zj)), (10)

where b is the batch size.
Given the above concept, GANs have made significant

progress in the field of generative modeling, offering the ability
to produce highly realistic samples across various domains.
However, despite their successes, traditional GANs face a
primary challenge that can affect their applicability to wireless
systems. The main issue is the lack of control over the



generated data. In particular, the generator learns to create 
data that can fool the discriminator but does not necessarily 
retain the essential features or characteristics of the target. 
This can result in a lack of diversity in the outputs, making 
it difficult to capture the complexity of channel variations 
and the specific structure of wireless communication signals. 
Furthermore, traditional GANs have limited interpretability, 
where changes in the input noise vector do not directly 
correspond to meaningful variations in the generated data, 
which is a critical requirement in complex environments, such 
as wireless communication systems.

To address these limitations, CGANs have been specifically 
developed to incorporate additional information that guides 
the data generation process [41]. In CGANs, the generator 
and discriminator models are conditioned on auxiliary in-
formation, such as class labels or specific data attributes. 
This conditioning allows the generator to produce samples 
that align with the provided conditions, ensuring that the 
generated outputs maintain the necessary characteristics of the 
target data distribution. As a result, CGANs offer improved 
diversity, stability, and faster convergence in training. In the 
context of channel estimation, CGANs enable the generator 
to be conditioned on different channel states or environmental 
parameters, which is essential for accurately modeling the 
characteristics of the channel. This conditioning mechanism 
allows CGANs to adapt to variations in channel properties, 
leading to a more robust channel estimation process that can 
handle rapidly changing communication environments. Unlike 
basic GANs, which rely solely on input noise, the proposed 
CGAN framework in this work uses received observations as 
conditional inputs, allowing it to learn and reproduce complex 
channel structures with higher accuracy. In what follows, we 
detail the proposed CGAN channel estimation approach for 
RIS-assisted ISAC systems.

B. Proposed CGAN-Based DL Framework
This section introduces a novel channel estimation approach

utilizing CGANs. Initially, the configuration of the input-
output pairs for the framework is carefully designed. Building
on this, a CGAN-based channel estimation approach is devel-
oped to enhance the estimation performance.

1) Input-Output Pair Design:
a) SAC Design: Consider the received signal in (6) to

construct the input-output pairs for estimating the communi-
cation channel. In each sub-frame, the received signal at UEk

across P time slots is represented by

yUE
k,c = θH

c GH
k X+ nk,c, (11)

where yUE
k,c =

[
yUE
k,c,1, y

UE
k,c,2, · · · , yUE

k,c,P

]
∈ C1×P and nk,c =

[nk,c,1, nk,c,2, · · · , nk,c,P ] ∈ C1×P . Based on this, the com-
munication data design is given as

RUEk =
[
Re

{
yUE
k,1,y

UE
k,2, · · · ,yUE

k,C

}
,

Im
{
yUE
k,1,y

UE
k,2, · · · ,yUE

k,C

}]T
.

(12)

The corresponding output (i.e., target) is the ground truth
channel, Gk, given as

OUEk = [Re{vec[Gk]}, Im{vec[Gk]}]T . (13)

On the other hand, to construct the input-output pairs for
estimating the sensing channel, consider the received signal in
(7). Similarly, the received signals at the ISAC BS are stacked
across each sub-frame, C, leading to

YBS
c = AHX+Nc, (14)

where Nc = [nc,1,nc,2, · · · ,nc,P ] ∈ CM×P and YBS
c =[

yBS
c,1,y

BS
c,2, · · · ,yBS

c,P

]
∈ CM×P . To this end, the sensing data

is generated as

RBS =
[
Re

{
vec

[
YBS

1 ,YBS
2 , · · · ,YBS

C

]}
,

Im
{

vec
[
YBS

1 ,YBS
2 , · · · ,YBS

C

]}]T
.

(15)

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

OBS = [Re{vec[A]}, Im{vec[A]}]T . (16)

It is worth noting that ground truth channels are used solely
for the training phase. During training, the availability of the
true channel values enables the CGAN network to learn the
underlying channel generation process effectively. However,
in the testing phase, the only available information is the
observation, represented by the received signal at the BS or
UE. In this phase, the trained CGAN relies on this received
signal to generate an estimate of the channels. This ensures
that the CGAN model generalizes well to real-world scenarios,
where the true channels are unknown. Note that the generated
dataset will not be used for direct input-output relationship
as the case with regular NNs. The following sub-section will
detail the working principle of the proposed CGAN channel
estimation framework.

b) Dataset Generation: The training samples are pro-
duced by utilizing Q received signals (i.e., each of the com-
munication and sensing signals in (11) and (14), respectively),
along with V − 1 duplicates of the q-th signal. The duplicates
are created by adding synthetic AWGN to the original channel
according to SNRA/Gk

=
pA/Gk

σ2
A/Gk

, where pA/Gk
and σ2

A/Gk

denote the channel power and synthetic noise, respectively
[20]. This dataset includes both noise-free original signals and
their noisy versions to enhance the robustness and performance
of the CGAN estimation model. Accordingly, the dataset for
communication and sensing can be respectively represented as

(RUEk ,OUEk) =
{(

RUEk

(1,1),O
UEk

(1)

)
,
(
RUEk

(1,2),O
UEk

(1)

)
, · · · ,(

RUEk

(1,V ),O
UEk

(1)

)
,
(
RUEk

(2,1),O
UEk

(2)

)
, · · · ,

(
RUEk

(Q,V ),O
UEk

(Q)

)}
,

(17)

and

(RBS,OBS) =
{(

RBS
(1,1),O

BS
(1)

)
,
(
RBS

(1,2),O
BS
(1)

)
, · · · ,(

RBS
(1,V ),O

BS
(1)

)
,
(
RBS

(2,1),O
BS
(2)

)
, · · · ,

(
RBS

(Q,V ),O
BS
(Q)

)}
.

(18)
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Fig. 2. Proposed CGAN-based channel estimation framework for RIS-assisted ISAC system. (a) Offline training. (b) Online testing.

2) Working Principle: The proposed CGAN-based estima-
tion framework to estimate A and Gk is shown in Fig. 2 and
detailed as follows

a) Offline Training: The generator NN aims to estimate
the SAC channels based on the conditional input, which
includes the received signal observations, RBS or RUEk . Prior
to being passed into the generator, these received signals
undergo preprocessing steps to ensure that the input data
has a consistent range and to improve the model stability. A
standardization is performed on the (q, v)-th input data, which
can be mathematically expressed as

R
BS/UEk

std (q, v) =
RBS/UEk(q, v)− E{RBS/UEk(q, v)}

D{RBS/UEk(q, v)}
, (19)

where E{RBS/UEk(q, v)} and D{RBS/UEk(q, v)} denote the
mean and standard deviation of the input, respectively. Addi-
tionally, the estimation target is scaled to facilitate the learning
process as follows

OBS/UEk
s (q, v) = ρOBS/UEk(q, v), (20)

where ρ is the scaling factor.

The discriminator NN, on the other hand, aims to identify
whether a given input is real (i.e., labeled 1) or fake (i.e.,
labeled 0), as derived from the generator output; this process
is summarized as follows

D(B) =

{
1, if B ∈ {A,Gk}
0, if B ∈ {Â, Ĝk}

(21)

where B represents the input to the discriminator, either
as ground truth channel matrices, A or Gk, or generated
estimates Â or Ĝk.

In this work, the overall objective function of GANs pre-
sented in (8) is further improved by adding an L2 term.
This modification guides the generator towards more accu-
rate estimates, ensuring that the generated channel not only
deceives the discriminator but also closely approximates the
true channel values. Furthermore, the L2 loss term serves
as a regularizer, penalizing large deviations from the target
values. This helps prevent overfitting and fosters a model
that generalizes better to new, unseen data while maintaining
robustness against noise in received signals. To this end, (8)
becomes



min
G

max
D

E
[
log

(
D
(
A,Gk

))]
+

E
[
log

(
1−D

(
G
(
RBS), G(

RUEk
)))]

+ αL2,
(22)

where

L2 = E
[∥∥B−G(R)

∥∥2]. (23)

Here, B denotes the SAC channels (i.e., B = {A,Gk}), and
R is the input data (i.e., R = {RBS,RUEk}). Furthermore,
α a weighting factor that enhances the stability of the chan-
nel estimates by penalizing large deviations from the target
outputs. The generator and discriminator are trained together
in an adversarial manner, where each network contributes to
the loss of the other. Specifically, the generator aims to create
estimates that can fool the discriminator, while the discrimi-
nator aims to correctly distinguish between real and generated
data. This adversarial training is repeated until convergence,
where the generator learns to produce realistic estimates. Fig.
2a illustrates the proposed CGAN DNN architectures for the
SAC channels estimation and summarizes the offline training
process.

In particular, two different architectures are developed
within the CGAN framework: one for sensing channel estima-
tion (SE-CGAN) and the other one for communication channel
estimation (CE-CGAN). The SE-CGAN network is designed
as feedforward (FF) fully connected NN, while the CE-CGAN
as CNN to handle the complicated input-output relationship
associated with the cascaded communication channel. In par-
ticular, the proposed SE-CGAN starts with an input layer, an
FF layer (FFL) and a batch normalization layer to stabilize the
NN output. The output is then fed to the second FFL followed
by the second batch normalization and an output layer. On the
other hand, the CE-DNN consist of one convolutional layer
(CL), batch normalization layer, followed by a flatten layer,
an FFL, and a second batch normalization layer layer at the
end. The two hidden layers for each of the SE-CGAN and
CE-CGAN networks use the LeakyReLU activation function.
This is defined as follows

LeakyReLU(x) =

{
x if x > 0

γx otherwise.
(24)

Here, γ is a small constant value, which is set to 0.2. Both
CGANs utilize a discriminator architecture that is identical
to their respective generators. The only difference consists
in the output layer size; the generator outputs the estimated
channels, whereas the discriminator outputs a single value (i.e.,
0 or 1) to evaluate the input data. The Adam optimizer is
adopted to update the generator and discriminator parameters
with a learning rate of 2 × 10−4 and 2 × 10−5, respectively
[42]. These learning rates were carefully chosen based on
extensive hyperparameter tuning. During this process, various
learning rates were tested to find an optimal balance between
convergence speed and estimation accuracy. Lower learning
rates helped achieve more stable performance. Selecting a
slightly higher rate for the generator enabled faster adaptation

to the changes in the discriminator feedback. The minibatch
transitions is set to size 16 and α = 100. The detailed
architectures of the SE-CGAN and CE-CGAN are summarized
in Table I.

b) Online Testing: The online testing phases for SAC
channel estimation are shown in Fig. 2b. During the testing
phase, only the generator network is used, with no access to
the discriminator network. The generator, having been trained
to generate accurate channel estimates, is now applied to the
testing data to predict the channel matrices. The testing dataset,
ṘBS and ṘUEk , first undergoes preprocessing to standardize
the samples according to (19), denoted by R̄BS and R̄UEk , and
then is fed to the generator network. The estimated output is
represented as

Â = ρ−1G(R̄BS; Λ̂)

Ĝk = ρ−1G(R̄UEk ; Λ̂),
(25)

where Λ̂ represents the hyperparameters of the trained CGAN
network (i.e., SE-CGAN or CE-CGAN). The output of the
generator is scaled by a factor of ρ−1 to obtain the channel
matrices, Â and Ĝk. The proposed CGAN-based channel
estimation algorithm is detailed in Algorithm 1, where Λg

and Λd denote the generator and discriminator parameters,
respectively.

IV. COMPLEXITY ANALYSIS

Based on the proposed SE-CGAN and CE-CGAN channel
estimation frameworks, this section derives the computational
complexity required by the trained CGAN-based framework to
estimate the SAC channel. The computational complexity is
computed in terms of the number of real additions, CA, and
multiplications, CM. To provide a comprehensive analysis,
we first consider the operations involved in the generator
and discriminator networks of the proposed SE-CGAN. Both
networks consist of several FFL, each contributing to the
overall computational load. In particular, the proposed SE-
CGAN contains two hidden FFL and an input and output
layers. Let ηi be the number of neurons of the i-th layer.
Therefore, according to the parameters presented in Table I,
the computational complexity introduced by the first FFL is
ηSE
2 (ηSE

1 + 1) real additions and ηSE
1 ηSE

2 real multiplications.
Similarly, the rest of the FFLs have the complexity correspond-
ing to the number of neurons. To this end, the required number
of additions and multiplications required by the generator and
discriminator networks of SE-CGAN are respectively given as

CSE
AG

=
3∑

i=1

ηSE
i ηSE

i+1 +
3∑

i=1

ηSE
i+1, (28)

CSE
MG

=
3∑

i=1

ηSE
i ηSE

i+1, (29)

and



Algorithm 1: Training a CGAN

1 Initialize the generator G and discriminator D with
random weights, batch size b, learning rates, and
training epochs ε;

2 Generate (RUEk ,OUEk) and (RBS,OBS) according to
Sec. III-B1b;

3 Pre-process (RUEk ,OUEk) and (RBS,OBS);
4 for epoch i = 1 to ε do
5 for batch j = 1 to B do
6 Sample batch of samples from RUEk or RBS;
7 Sample batch of samples from OUEk or OBS;
8 Generate samples from the generator G(RUEk)

or G(RUEk);
9 Evaluate generated samples D(G(RUEk)) or

D(G(RUEk));
10 Evaluate target samples D(OUEk) or D(OBS);
11 Update D by ascending its stochastic gradient:

∇Λd

1

b

b∑
j=1

[
log

(
D
(
Aj ,Gj

k

))]
+

log
(
1−D

(
G
(
RBS

j

)
, G

(
RUEk

j

)))] (26)

12 Update G by descending its stochastic
gradient:

∇Λg

1

b

b∑
j=1

[
log

(
1−D

(
G
(
RBS

j

)
, G

(
RUEk

j

)))
+αL2

]
(27)

13 end
14 end
15 Output the trained SE-CGAN, G(R̄BS; Λ̂g), at the

ISAC BS and the trained CE-CGAN, G(R̄UEk ; Λ̂g),
at the downlink UEk.

CSE
AD

=
2∑

i=1

ηSE
i ηSE

i+1 +
2∑

i=1

ηSE
i+1 + (ηSE

3 + 1), (30)

CSE
MD

=
2∑

i=1

ηSE
i ηSE

i+1 + ηSE
3 . (31)

To this end, the overall necessary number of real additions
and multiplications of the proposed SE-CGAN is represented
as

CSE
A = 2ηSE

1 ηSE
2 +

3∑
i=2

kiη
SE
i + ηSE

4G + 1, (32)

CSE
M =

2∑
i=1

2ηSE
i ηSE

i+1 + ηSE
3 (ηSE

4G + 1). (33)

where k2 = 2(ηSE
3 + 1) and k3 = 3 + ηSE

4G
.

On the other hand, the CE-CGAN network contains a CL,
FFL, input and output layers. Similarly, the computational
complexity contributions arise from both generator and dis-
criminator networks. To this end, by summing up the contri-

butions from all layers in both the generator and discriminator
networks, the total computational complexity of the proposed
CE-CGAN framework can be obtained. Let Fz be the filter
size, Fn be the number of filters, and Fs be the stride. The
output size of a CL is given by

ηF = bη
CE
1 − Fz

Fs
+ 1c, (34)

where b·c is the floor operation. The computational complexity
is introduced by the the second, third, and fourth layers, since
the flatten layer does not contain any addition or multiplication
complexity. The number of required additions is presented as
(Fz+1)ηFFn, ηCE

3 (ηFFn+1) and (ηCE
4 +1)ηCE

3 , respectively,
while the number of required multiplications is presented as
FzηFFn, ηCE

3 ηFFn, and ηCE
3 ηCE

4 , respectively. To this end, the
required number of additions and multiplications required by
the generator and discriminator networks of CE-CGAN are
respectively given as

CCE
AG

= (Fz + ηCE
3 + 1)ηFFn + (ηCE

4G + 1)ηCE
3 + ηCE

4G , (35)

CCE
MG

= (Fz + ηCE
3 )ηFFn + ηCE

3 ηCE
4G , (36)

and

CCE
AD

= (Fz + ηCE
3 + 1)ηFFn + 2ηCE

3 + 1, (37)

CCE
MD

= (Fz + ηCE
3 )ηFFn + ηCE

3 . (38)

Consequently, the total computational complexity of the CE-
CGAN framework is expressed as

CCE
A = 2(Fz + ηCE

3 + 1)ηFFn + ηCE
4G(η

CE
3 + 1) + 3ηCE

3 + 1,
(39)

CCE
M = 2(Fz + ηCE

3 )ηFFn + ηCE
3 (ηCE

4G + 1). (40)

To this end, the total number of additions and multiplications
required by the proposed CGAN framework is CSE

A +CCE
A and

CSE
M+CCE

M , respectively. In particular, the number of additions
and multiplications is respectively given as in (41) and (42).

V. SIMULATION RESULTS

This section extensively validates the performance of the
proposed CGAN channel estimation framework for the RIS-
assisted ISAC system. First, the simulation parameters and
setup are presented. Then, the SAC channel estimation per-
formance is evaluated under different SNR values and system
conditions.

A. Simulation Parameters

Let K = 3, M = 4, and N = 30 for all the following
simulations, unless further specified. The sensing channel is
modeled according to the radar channel model as [43], [44]

A = µa(θ)a(θ)H . (43)

Here, µ denotes the complex-valued reflection coefficient as-
sociated with the target with phase shifts uniformly distributed
from [0, 2π), and a(θ) is the steering vector, expressed as



TABLE I
ARCHITECTURE OF SE-CGAN AND CE-CGAN.

Model Network Layers Size Filter Activation Function

SE-CGAN

Generator

Input 2MP - -
FFL 100 - LeakyReLU
FFL 200 - LeakyReLU

Output 2M2 - -

Discriminator

Input 2M2 - -
FFL 100 - LeakyReLU
FFL 200 - LeakyReLU

Output 1 - -

CE-CGAN

Generator

Input 2P - -
CL 132 4 LeakyReLU
FFL 500 - LeakyReLU

Output 2MN - -

Discriminator

Input 2MN - -
CL 132 4 LeakyReLU
FFL 500 - LeakyReLU

Output 1 - -

a(θ) =
[
1, ej

2πd
λ sin(θ), . . . , ej

2πd(M−1)
λ sin(θ)

]T
, (44)

where θ = − 2π
3 , d, and λ denote the azimuth angle, BS

antenna spacing, and signal wavelength, respectively. On the
other hand, the communication channels (i.e., H and rk) are
modeled as Rician, being expressed as

h =
√

PL
(

K1

K1 + 1
h̄+

1

K1 + 1
h̃

)
, (45)

where h represents the channels (i.e., h = {H, rk}), PL
denotes the path loss, and K1 is the Rician factor. h̄ and
h̃ are the line-of-sight and non-line-of-sight components of
the channel, respectively. Here, h̄ = a(θ̇)a(θ̄)H , where a(θ̇)
corresponds to the angle of departure from the source to
destination (i.e., BS to RIS/RIS to UEk) and a(θ̄) corresponds
to the angle of arrival (i.e., RIS/UEk) and are set to π

3 .
h̄ is formulated similar to (44), whereas h̃ is the random
component containing independent and identical distributed
CN (0, 1) elements. The Rician factor, K1 is set to 10 and
0 (i.e., representing a Rayleigh fading model) for H and
rk, respectively [45]. Furthermore, the PL is modeled as
PL = PLr(

dj

dr
)−ζj . dj is the distance, PLr is the path loss at

a reference distance dr, and ζj is the path loss exponent. We
set PLr = −30 dBm and dr = 1m. The path loss exponents
of the BS-target-BS, BS-RIS, and RIS-UEk links are ζ1 = 3,
ζ2 = 2.3, and ζ3 = 2, respectively, while the distances are
set as d1 = 140m, d2 = 50m, and d3 = 2m. According to
[20], [46], the transmit power of the ISAC BS and is set to
P = −20 dBm.

The dataset size is Q × V = 104 for each SNR value,
with Q = 1000 and V = 10. In this work, 90% of the
dataset size is used for training, while the remaining 10%
is used for testing. The SNR values in the training stage
are SNR = 10: 5 : 20 dB, whereas the testing stage uses
SNR = −10: 2.5: 30 dB, which includes 17 values from
−10 dB to 30 dB with a step increment of 2.5 dB. The choice
of the SNR region ensures that the model encounters instances
from unfamiliar conditions, not only unseen samples. This
way, the simulation results confirm the generalization of the
model and eliminate the need of estimating the SNR prior to
estimating the desired channels. Lastly, the scaling factor, ρ,
is set to 104.

To validate the performance of the proposed CGAN chan-
nel estimation approach, the normalized mean square error
(NMSE) is considered as the main performance metric being
expressed as

NMSE = E
{∥∥hEstimated − hTrue

∥∥2
F∥∥hTrue

∥∥2
F

}
. (46)

Furthermore, the work in [20] is considered as a benchmark to
effectively evaluate the performance of the proposed algorithm
in the following subsections.

B. Impact of Varying the SNR

Fig. 3 shows the estimation performance under different
SNR conditions. The NMSEs of the proposed CE-CGAN and
SE-CGAN demonstrate a considerable improvement compared
to the benchmark estimation approach presented in [20] as
well as other traditional models, including a FF network

CTotal
A = 2ηSE

1 ηSE
2 +

3∑
i=2

kiη
SE
i + ηSE

4G + 1 + 2(Fz + ηCE
3 + 1)ηFFn + ηCE

4G(η
CE
3 + 1) + 3ηCE

3 + 1, (41)

CTotal
M =

2∑
i=1

2ηSE
i ηSE

i+1 + ηSE
3 (ηSE

4G + 1) + 2(Fz + ηCE
3 )ηFFn + ηCE

3 (ηCE
4G + 1. (42)
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Fig. 3. NMSE performance for estimating SAC channels.

(FFN) and extreme learning machine (ELM). It is worth
noting that the FFN model consists of two hidden layers, each
containing 256 neurons, with hyperparameters aligned with
the benchmark in [20]. The ELM model, on the other hand,
consists of one hidden layer of 256 neurons to estimate both
channels. These specifications ensure a fair comparison across
all approaches. For the proposed SE-CGAN, this improvement
is especially notable at lower SNR levels, where the proposed
approach demonstrates good noise resilience, thus achieving
lower NMSE values. This is one of the CGAN advantages,
where the generator learns to create samples, not to map input
data to an output. It generates data conditioned by the input
sample but based on the loss function design, thereby reducing
the noise impact. Furthermore, as the communication channel
estimation is considered more complicated due to the cascaded
relationship in (11), one can observe that the achieved NMSE
is higher than that of the sensing link. However, overall, the
proposed scheme outperforms the benchmark scheme and the
additional traditional models substantially. In particular, the
proposed approach achieves around 8 dB SNR improvement
at NMSE = 10−2 and NMSE = 10−1 as compared to [20]
for estimating A and Gk, respectively. The figure also high-
lights the generalization performance of the proposed CGAN
approach, where it outperforms the benchmark schemes even
at SNR ranges that were excluded in the training process (i.e.,
SNR = −10: 5 dB).

C. Impact of Varying M

Fig. 4 analyzes the performance of the proposed approach
in estimating the communication channel, Gk, with respect to
varying M under different SNR conditions: low (i.e., −5 dB)
and high (i.e., 10 dB) SNR values. As illustrated, the pro-
posed CGAN consistently outperforms the benchmark scheme
across all M values and SNR conditions, demonstrating supe-
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Fig. 4. NMSE performance for the communication channel estimation versus
M at N = 30.

rior channel estimation accuracy. The CGAN robustness in
handling higher dimensions can be attributed to its ability
to better model complex channel conditions and effectively
learn from the discriminator feedback, even for larger sets
of training data. Furthermore, the decrease in the NMSE as
M increases at SNR = −5 dB indicates that the proposed
framework is capable of leveraging the additional information
present in the received signals to refine its estimation. This
robustness stems from the ability of CGANs to capture and
model the inherent spatial correlations in the communication
channel. By leveraging its generation mechanism, the CGAN
framework enables more effective utilization of the additional
spatial diversity introduced as M increases. This results in
enhanced noise suppression at low SNR values. This is a
particularly useful feature for ISAC systems (i.e., where lower
SNR values are adopted). At SNR = 10dB, where the noise
level is relatively low, the primary challenge of the proposed
CGAN shifts from combating noise to accurately capturing
the high-dimensional channel details. The generator network
may face difficulties in fully capturing the high-dimensional
dependencies, which results in a gradual increase in estimation
error, especially that the overall network architecture and
hyperparameters are optimized at lower channel dimensions
(i.e., M = 4 and N = 30). This slight degradation at higher
SNR can be attributed to increased sensitivity to minor in-
accuracies in capturing subtle channel characteristics. Despite
this, the NMSE increase remains minimal, demonstrating the
CGAN’s effectiveness in maintaining reliable performance.
Moreover, the proposed approach consistently outperforms
the previous work, showcasing its adaptability and robustness
across diverse real-world conditions.

Fig. 5 demonstrates the performance of the proposed ap-
proach in estimating the sensing channel, A, with respect to
varying M under the same SNR conditions considered in Fig.
4. It can be seen that the proposed SE-CGAN algorithm signif-
icantly outperforms the benchmark in [20] at both SNR levels,
evidencing its enhanced ability to estimate sensing channels
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Fig. 5. NMSE performance for the sensing channel estimation versus M at
N = 30.

under different channel dimension and noise conditions. At
the SNR of −5 dB, the NMSE of both models decreases,
yet the proposed SE-CGAN maintains a stable performance
enhancements, showcasing its robustness against high noise
levels. The consistent performance across increasing M val-
ues suggests that the proposed SE-CGAN effectively utilizes
additional antennas to mitigate noise through its adaptive
learning and channel modeling capabilities. On the other
hand, at the SNR of 10 dB, although the NMSE for the
benchmark model decreases with higher M , the proposed
algorithm still holds a significant advantage. In particular, it
begins with an outperforming estimation for smaller number
of antennas, demonstrating robust performance right from the
onset. The performance of the proposed approach saturates
as M increases, which proves its scalability and capability
to handle high-dimensional channel environments without
substantial loss in performance. At M = 16, both models
converge to similar levels of NMSE, illustrating that while
the benchmark in [20] improves, the proposed SE-CGAN
effectively sustains its superior channel estimation capabilities
across varying antenna configurations. This balance of initial
superiority and scalability at high SNR settings emphasizes the
proposed SE-CGAN advantage in complex RIS-assisted ISAC
systems where both accuracy and adaptability are crucial.

D. Impact of Varying N

Fig. 6 demonstrates the performance of the proposed ap-
proach in estimating the communication channel, Gk, with re-
spect to varying N under the same SNR conditions considered
throughout the simulations. Similarly, the proposed CGAN
algorithm effectively outperforms the benchmark scheme in
[20] across all N values and SNR conditions. At lower SNR
(i.e., SNR = −5 dB), the proposed algorithm demonstrates a
substantial improvement over the benchmark, with the NMSE
slightly decreasing as N increases. This significant reduction
emphasizes the CGAN robustness in noisy environments,
effectively leveraging the increased number of RIS elements to
enhance channel estimation. Alternatively, at higher SNR (i.e.,
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Fig. 6. NMSE performance for the communication channel estimation versus
N at M = 4.

SNR = 10dB), although the CGAN continues to outperform
the benchmark, the performance improvement decreases, in-
dicating less gains from additional RIS elements. However, it
is worth noting that the NMSE remains relatively stable even
with increasing N , reflecting the CGAN ability to maintain
its estimation accuracy across larger RIS setups. The slight
increase in NMSE at higher SNR is marginal and does not
significantly impact the estimation performance. It is also
important to note that the model was optimized for a baseline
configuration (i.e., M = 4 and N = 30), which explains
the observed behavior when scaling beyond these dimensions.
Overall, the performance proves the CGAN scalability to
larger configurations and shows the CGAN proficiency in
utilizing the spatial diversity offered by larger RIS setups to
optimize channel estimation, making it particularly useful for
ISAC systems operating across a range of SNR scenarios.

E. Complexity Evaluation

Figs. 7a and 7b show the computational complexity of the
proposed CGAN approach as compared to the benchmark
scheme presented in [20]. The complexity is analyzed in terms
of the required number of real additions and multiplications
according to the derived formulations in Section IV. Further-
more, the figures show the complexity reduction of using the
proposed CGAN algorithm over the benchmark scheme, which
is expressed as

Reduction =
C [20]

χ − Cξ
χ

C [20]
χ

, χ ∈ {A,M}, ξ ∈ {SE,CE}.

(47)
Fig. 7a illustrates the computational complexity and reduction
percentage of estimating the direct channel (i.e., A) as M
increases. As can be seen, the complexities of additions and
multiplications for both the proposed and benchmark schemes
show a trend of increasing with M . However, the proposed
algorithm complexity is notably lower compared to the bench-
mark method. The reduction in complexity, depicted on the
secondary (i.e., right) y-axis, emphasizes the efficiency gains
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Fig. 7. Computational complexity evaluation. (a) Sensing link, (b) Commu-
nication link.

from the proposed approach as M increases. The proposed
SE-CGAN approach not only significantly reduces the com-
putational complexity compared to the benchmark, enhancing
system efficiency, but also delivers a superior performance
across various conditions, making it an exceptionally effective
solution for ISAC RIS-assisted systems.

Fig. 7b illustrates the computational complexity and re-
duction percentage of estimating the communication channel
(i.e., Gk) as N increases. Similarly, the number of additions
and multiplications for both the proposed and benchmark
schemes rapidly increase as N increases. The computational
complexity of the proposed CE-CGAN approach is com-
parable to the benchmark scheme, even when the channel
estimation dimension enlarges. This is due to the fact that
estimating the communication channel is challenging and often
require complex models. Despite the inherent challenges, our
approach achieves a similar level of computational complexity
to the benchmark, while significantly outperforming it in terms
of performance. This proves the effectiveness of our model
in handling the delicate features of cascaded communication
channels estimation within RIS-assisted ISAC systems, ensur-
ing practicality and timeliness in real-world deployments.

VI. CONCLUSION

This paper has investigated the channel estimation problem
of an RIS-assisted ISAC system. A novel CGAN approach
has been proposed to enhance the estimation accuracy and
stability. The proposed method has leveraged the adversarial
training of two deep learning networks to accurately estimate
the channel coefficients, demonstrating a superior performance
over conventional techniques. The numerical results have
validated the efficiency of the proposed approach across dif-
ferent SNR conditions and system dimensions, highlighting
its robustness and adaptability. Furthermore, the complexity
of the proposed approach has been analyzed and compared
to that of the benchmark scheme. In particular, the proposed
CE-CGAN model maintains a computational complexity com-
parable to that of existing DL methods while achieving a
better estimation accuracy, while the SE-CGAN model outper-
forms the existing estimation model in both performance and
computational complexity. This makes the proposed CGAN a
promising solution for enhancing the reliability and efficiency
of RIS-assisted ISAC systems. Future works could explore
extensions of the proposed CGAN-based channel estimation
approach to address further practical challenges. Examples
include accommodating multi-target scenarios along with mo-
bility of users and targets, and adapting the framework for
wideband system deployments.
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