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RIS-Aided mmWave MIMO Channel Estimation
using Deep Learning and Compressive Sensing

Asmaa Abdallah, Member, IEEE, Abdulkadir Celik, Senior Member, IEEE,
Mohammad M. Mansour, Senior Member, IEEE, and Ahmed M. Eltawil, Senior Member, IEEE.

Abstract—Reconfigurable intelligent surface (RIS) assisted
wireless systems require accurate channel state information (CSI)
to control wireless channels and improve both the bandwidth
and energy efficiency. However, CSI acquisition is non-trivial
for two reasons: 1) the passive nature of RIS does not allow
transceiving and processing pilot signals, and 2) the dimensions
of the cascaded channel between transceivers increases with
the large number of RIS elements, which yields high training
overhead and computational complexity. While prior art has
mainly focused on frequency-flat channel estimation, this pa-
per proposes novel data-driven and compressive sensing based
approaches for estimating both frequency-flat and frequency-
selective cascaded channels of RIS-assisted multi-user millimeter-
wave large multiple input multiple output (MIMO) systems with
limited training overhead. The proposed methods exploit the
common sparsity property among the different subcarriers and
the double-structured sparsity property of the angular cascaded
channel matrices as different angular cascaded channels observed
by different users share completely common non-zero rows
and user-specific column supports. The proposed data-driven
cascaded channel estimation approaches use denoising neural
networks to accurately detect channel supports. Alternatively,
when data-training capabilities are not available, the compressive
sensing based orthogonal matching pursuit (OMP) approach
relies on sparsity properties and applies simultaneous OMP to
detect the channel supports. Simulation results show that the
pilot overhead required by the proposed scheme is lower than
existing schemes. When compared to other OMP approaches that
achieve an NMSE gap of 5 to 6 dB with respect to the Oracle
least square lower bound, the proposed algorithms reduce the
lower bound gap to only 1 dB, while reducing complexity by
more than two orders of magnitude.

Index Terms—Deep learning, cascaded channel estimation,
compressive sensing, frequency-selective, flat fading.

I. INTRODUCTION

M Illimeter wave (mmWave) multiple-input multiple-
output (MIMO) systems lead the emergence of be-

yond fifth-generation (B5G) mobile communication systems
by addressing the ever-increasing demand for high data rate,
massive connectivity, and ultra-reliable low-latency communi-
cations [1]–[4]. Due to the lack of control over the wireless
propagation channel, harsh propagation environments set prac-
tical limitations on this technology, such as the high power
consumption and the un-guaranteed quality of service (QoS).
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Such limitations can be mitigated by the reconfigurable
intelligent surfaces (RIS), a promising technology envisioned
for next-generation wireless systems to improve bandwidth
and energy efficiency at low power and hardware costs [5]–
[8]. Unlike the conventional amplify-and-forward (AF) relays,
a RIS is equipped with many low-cost passive reconfigurable
elements to intelligently control the reflection of incident
electromagnetic waves using adjustable phase shifts [8]. By
properly configuring the phase shifts of passive RIS elements,
the mmWave MIMO (mMIMO) base stations (BS) can control
the reflection parameters to improve the link quality of the user
equipments (UE), whose line-of-sight (LoS) links to the BS are
blocked [7], [9]. Apart from conventional active beamforming
at the BS, the RIS also enables passive beamforming for
narrow-band systems [10]–[15]. In order to deliver a desirable
performance, RIS-aided wireless systems are in dire need of
accurate channel state information (CSI) of the cascaded UEs-
RIS-BS channels for two critical tasks: 1) finding the optimal
RIS configuration that yields the best phase shifts, and 2)
computing optimal active beamforming vectors at the BS.

Nonetheless, the majority of existing works assume the
existence of global channel knowledge [10]–[15], which is
impractical for RIS-assisted systems due to the following
reasons. Although traditional cooperative MIMO systems can
acquire CSI by involving active relays in sending/receiving
pilot training sequences, this is not possible for RIS-assisted
MIMO systems due to the passive nature of RIS allows
neither sending pilot symbols nor processing received pilots to
estimate the channels. Therefore, channel estimation in a RIS-
assisted wireless system is non-trivial and requires high pilot
overhead. Another challenging issue with the CSI acquisition
of RIS-assisted mMIMO system is the cascaded UE-RIS-
BS channels’ matrix size that increases with the number of
reflective elements at RIS, which is typically much larger
than the number of antennas at transmitter and receiver.
Thus, a larger and cascaded channel must be estimated either
at the transmitter or receiver side. Hence, accurate channel
acquisition is one of the main practical obstacles in deploying
RIS-aided systems, which is the focus of this paper.

A. Related Work

Several narrow-band channel estimation schemes have been
investigated for RIS-assisted communication systems [16]–
[20]. In [16], an ‘on-off’ state control based channel estimation
method is considered, where only a single element of a
reflecting surface is switched on. In contrast, all other elements
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remained off at each time slot. Thus, the channel reflected
through the activated element can be estimated without inter-
ference from the signals reflected by all other elements of
the RIS. In [17], a three-phase channel estimation method
is presented for the uplink of RIS-aided multi-user systems,
which exploits the fact that the RIS elements reflect the signals
arriving from different users to the BS via the same RIS to
BS channel. Moreover, for broadband communications over
frequency-selective fading channels in general, the multi-user
channel estimation method in [17] tailored for narrowband
communications becomes inapplicable. In addition, in [17],
continuous phase shifts at the RIS is assumed, which is
not realistic as the phase shifts are discrete [21]. In [18],
multi-user channel estimation framework is developed, where
the Bayesian minimum mean squared error (MMSE) channel
estimates are derived under a protocol in which the RIS applies
a set of optimal phase shifts vectors over multiple channel
estimation sub-phases. In [19], [20], the channel estimation of
RIS-aided systems is formulated as a sparse signal recovery
problem by exploiting the channel’s angular-domain sparsity.
Then, popular compressed sensing (CS) algorithms, such as
the basis pursuit and simultaneous orthogonal matching pursuit
(OMP) techniques, are applied to recover the channel at a
much-reduced number of measurements.

To expound a little further, some authors have also extended
the realm of channel estimation solutions from narrow-band to
wideband scenarios [22]–[25]. Specifically, Zheng et al. for-
mulated a wideband channel estimation problem for RIS-aided
orthogonal frequency-division multiplexing (OFDM) systems
in [22], [23], where they propose a least-square (LS) based
method for estimating frequency-selective fading channels for
single antenna equipped BS and UEs. In [24], a RIS element-
grouping method is presented, where each group consists of a
set of adjacent RIS elements that share a common reflecting
coefficient to reduce the overhead of channel training. In [25],
a CS-based wideband channel estimation method is designed
by assuming that the path-angle of the BS to RIS channel
is known. Then, a distributed OMP algorithm is utilized for
estimating the channel between a partially active RIS and
UEs. It is worth noting that equipping the RIS with dedicated
sensors/receiving circuits for channel estimation has two main
drawbacks: 1) It is practically costly to implement the hybrid
active/passive switching or frequently grouping the massive
number of RIS elements as it requires separate amplitude
control (in addition to phase shift) of each RIS element, and
2) the large aperture size of RIS is not fully utilized as only
a small portion of its elements is switched ON at a time,
which degrades the channel estimation accuracy. Therefore,
it is more cost-effective to estimate the cascaded BS-RIS-UE
channels at the BS side with a properly designed RIS reflection
pattern based on the received pilot signals sent by the user and
reflected by the RIS.

Deep learning (DL) approaches and data-driven algorithms
have recently received much attention as key enablers for be-
yond 5G networks [26]–[31]. Traditionally, signal processing
and numerical optimization techniques have been heavily used
to address channel estimation at mmWave bands [32]–[36].
However, optimization algorithms often demand considerable

computational complexity overhead, which creates a barrier
between theoretical design/analysis and real-time processing
requirements. Hence, the prior data-set observations and deep
neural network (DNN) models can be leveraged to learn
the non-trivial mapping from compressed received pilots to
channels. Hence, DNNs can be used to approximate the opti-
mization problems by selecting the suitable set of parameters
that minimize the approximation error. Furthermore, DNNs are
expected to substantially reduce computational complexity and
processing overhead since it only requires several layers of
simple operations such as matrix-vector multiplications [26]–
[31]. In [26], shallow neural networks are used to refine the
design of linear receivers for channel estimation and data
detection, where the imperfect hardware is modeled as a
nonlinear function and data is utilized to train these neural
networks to approximate this nonlinear function. Moreover,
in [27], compressive sensing tools and a deep learning based
solution are developed where the RIS learns to design the
reflection matrices.

In [28], a deep denoising neural network-assisted CS is
presented for a wideband channel estimation method by as-
suming that the path-angle of the BS to RIS channel is known.
In [29], a DL approach for channel estimation in a RIS-
assisted narrowband mmWave MIMO system is presented.
A twin convolutional neural network (CNN) is designed for
the estimation of both direct (BS-UE) and cascaded (BS-
RIS-UE) channels by assuming that each UE has access to
the deep network to estimate its own channel. Moreover, an
extended solution of [29] is introduced in [36] where federated
learning (FL) is applied so that the CNN is trained on the
local datasets of the users without sending them to the BS. In
[30], Kundu et al. introduce a data-driven deep learning-based
channel estimator that approximates the MMSE solution for
a narrowband system. This paper differs from [28]–[30] by
1) considering the BS-RIS channel as unknown, 2) assuming
an entirely passive RIS, and 3) targeting cascaded channel
estimation of both frequency-flat and frequency-selective RIS-
assisted mm-Wave multi-user MIMO systems. 1

B. Contributions of the Paper

This paper proposes data-driven and OMP-based channel
estimation frameworks for both frequency-flat and frequency-
selective RIS-Aided mMIMO systems. To this aim, we lever-
age the sparsity of the angular cascaded channels, i.e., the
cascade of UE-RIS and RIS-BS channels. After formulating
the channel estimation problem as a sparse signal recovery
problem, we develop data-driven and OMP-based methods
to find the channel supports with high accuracy. The de-
tected supports help identify the indices of angle-of-arrival
(AoA) and angle-of-departure (AoD) pairs for each path of
the frequency-flat and frequency-selective cascaded channels.
By accounting for mmWave channel sparsity, the developed
channel estimation frameworks reap the full benefits of both

1This work is an extension to our previous work that handles channel
estimation for frequency selective mmWave MIMO channel models without
RIS assistance [31]. We have extended the algorithms to handle the cascaded
channel estimation problem.

This article has been accepted for publication in IEEE Transactions on Wireless Communications. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TWC.2022.3219140

© 2022 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: KAUST. Downloaded on November 14,2022 at 06:40:08 UTC from IEEE Xplore.  Restrictions apply. 



3

compressive sensing and deep learning methods. The main
contributions of the paper can be summarized as follows:2

1) We first propose a data-driven frequency-flat cascaded
channel estimation (DD-FF-CE) scheme, exploiting a
double-structured sparsity of the angular cascaded chan-
nels. The double-structured sparsity is constituted by the
fact that angular cascaded channels observed by different
users share completely common non-zero rows. The DD-
FF-CE formulates the channel estimation as a CS problem
and solves it by DL methods.
In particular, the DD-FF-CE jointly detects the com-
pletely common row supports for different users while
detecting the user-specific column supports individually
utilizing DL approaches. Thus, we train two denois-
ing convolutional neural networks (DnCNNs) to detect
the common row supports and column supports using
mmWave channel realizations.We extend the DD-FF-CE
algorithm to a data-driven frequency-selective cascaded
channel estimation (DD-FS-CE) framework for RIS-aided
frequency-selective mmWave MIMO systems. To account
for frequency selectivity, the DD-FS-CE leverages the
support information coming from every MIMO-OFDM
subcarrier in addition to the double structured sparsity.
After detecting all supports mentioned above, both DD-
FF-CE and DD-FS-CE the least square (LS) algorithm is
utilized to obtain the estimated angular cascaded chan-
nels.
Unlike the existing works in [20], [32]–[34] that estimate
the dominant channel entries sequentially, the developed
data-driven methods detect dominant entries simultane-
ously, which can save in computational complexity and
improve estimation performance. Thanks to the double-
structured sparsity and exploitation of support informa-
tion coming from every subcarrier, the proposed data-
driven schemes also reduce the pilot overhead.

2) Since data sets and necessary computational power are
not always available for offline training and online de-
ployment of data-driven approaches, we alternatively pro-
pose a OMP-based approach, referred to as DSOMP-FS-
CE, that exploits the double-structured OMP (DSOMP)
algorithm to estimate frequency-selective cascaded chan-
nels. By also taking advantage of double-structured
sparsity of the angular cascaded channels, the DSOMP-
FS-CE jointly detects the completely common row sup-
ports while detecting the user-specific column supports
individually utilizing a simultaneous OMP approach. Af-
ter detecting all the supports mentioned above, the LS
algorithm obtains the estimated angular cascaded chan-
nels. Since the double-structured sparsity is exploited,
the proposed (DSOMP-FS-CE) based channel estimation
scheme can also reduce the pilot overhead.

3) We provide simulation results that demonstrate the pro-
posed algorithms’ effectiveness in terms of the normal-
ized mean square error (NMSE). Numerical results also
show that using reasonably small pilot training frames
(≈ 80-128 frames) leads to substantially low channel

2A conference version of this work appears in ICC 2022 [37].

Table I: NOTATION
Notation Definition
G ∈ CNBS×NRIS Channel BS→RIS (time domain (TD))
hr,u ∈ CNRIS×1 Channel RIS →user (TD)
Hu ∈ CNBS×NRIS Cascaded channel BS-RIS-user k (TD)
Gd ∈ CNBS×NRIS dth delay channel tap BS → RIS (TD)
hd,r,u ∈ CNRIS×1 dth delay channel tap RIS→user (TD)
Hd,u ∈ CNBS×NRIS dth delay cascaded channel tap (TD)
H[k]

u ∈ CNBS×NRIS Cascaded channel BS-RIS-user k (FD)
UX ∈ CX×X Unitary matrix
∆u ∈ CNBS×NRIS Sparse channel from BS-RIS-user (TD)
∆d,u ∈ CNBS×NRIS dth delay angular cascaded sparse channel
θ ∈ CNRIS×1 reflecting vector at the RIS (TD)
∆[k]

u ∈ CNBS×NRIS Sparse channel from BS-RIS-user k (FD)
Yu ∈ CNBS×Q Received pilot signal (TD)
Wu ∈ CNBS×Q Received noise matrix (TD)
Ỹu ∈ CQ×NBS Effective measurement matrix (TD)
W̃u ∈ CQ×NBS Effective noise matrix (TD)
Θ̃u ∈ CQ×NRIS sensing matrix
Y[k]

u ∈ CNBS×Q Received pilot signal (FD)
W[k]

u ∈ CNBS×Q Received noise matrix (FD)
Ỹ[k]

u ∈ CQ×NBS Effective measurement matrix (FD)
W̃[k]

u ∈ CQ×NBS Effective noise matrix (FD)
W̃[k]

u ∈ CQ×NBS Effective noise matrix (FD)
W̃[k]

u ∈ CQ×NBS Effective noise matrix (FD)
Ỹ[k]

u ∈ CQ×NBS Effective measurement matrix (FD)
W̃[k]

u ∈ CQ×NBS Effective noise matrix (FD)
Y[k]

u ∈ CNBS×Q Received pilot signal (FD)
W[k]

u ∈ CNBS×Q Received noise matrix (FD)
Ỹ[k]

u ∈ CQ×NBS Effective measurement matrix (FD)
W̃[k]

u ∈ CQ×NBS Effective noise matrix (FD)
cr ∈ CNBS×1 Correlation vector prepared for DnCNN1

cu ∈ C1×NRIS Correlation vector per user
Cr ∈ CMh×Mv Input matrix to DnCNN1

gr ∈ CNBS×1 Vector prepared for output of DnCNN1

Gr ∈ CMh×Mv Output matrix to DnCNN1

cc,u,lg ∈ CNRIS×1 Correlation vector prepared for DnCNN2

Cc,u,lg ∈ CNh×Nv Input matrix to DnCNN2

gc,u,lg ∈ C1×NRIS Vector prepared for output of DnCNN2

Gc,u,lg ∈ CMh×Mv Output matrix to DnCNN2

Ωr Sparse channel row support set
Ωc,u,lg Channel column support set ∀lg, k
Ku Subset from total K subcarriers for UEu

estimation errors. The proposed algorithms are also com-
pared with existing solutions by analyzing the trade-off
between delivered performance and incurred computa-
tional complexity. Our analysis reveals that the proposed
channel estimation methods achieve the desired perfor-
mance at significantly lower complexity. The developed
data driven approaches are shown to attain an NMSE gap
of 0.5− 1 dB with the Oracle LS lower bound compared
to the 5 − 6 dB gap attained by the DS-OMP technique
[20] while reducing the computational complexity by
more than two orders of magnitude. Additionally, the
OMP-based approach is able to attain an NMSE gap of
0.5 − 1 dB with the Oracle LS lower bound with one
order of magnitude increased complexity compared to
the data-driven approach. In addition, when compared
to the OMP-based approach, the data-driven approach is
revealed to be more robust towards change in the number
of users in the cellular network.
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(a)

(b)
Fig. 1: (a) RIS-aided mmWave MIMO systems where LoS links from
UEs to the BS are blocked, and (b) Double-structured sparsity of the
angular cascaded channels for UEi (∆i) and UEj (∆j).

C. Notation and Paper Organization

Bold upper case, bold lower case, and lower case letters cor-
respond to matrices, vectors, and scalars, respectively. Scalar
norms, vector L2 norms, and Frobenius norms, are denoted by
|·|, ∥·∥2, and ∥·∥F, respectively. Calligraphic fonts are used to
denote a set, e.g., X . IX denotes a X × X identity matrix.
(·)T, and (·)H stand for transpose,and Hermitian, respectively.
X† stands for the Moore-Penrose pseudo-inverse of X.

The remainder of the paper is organized as follows: Sec-
tion II present the system models for both frequency-flat
and frequency-selective mmWave channels and formulate the
channel estimation problems. Then, Section III provides the
preliminaries on double-structured sparsity and introduces the
proposed DnCNN architecture along with details on offline
training and online deployment steps. Thereafter, Section IV
presents the proposed cascaded channel estimation approaches.
Section V compares the various performance metrics of the
proposed frameworks with benchmark schemes. Finally, Sec-
tion VI concludes the paper.

II. SYSTEM MODEL AND PROBLEM FORMULATION

We consider the uplink direction of a RIS-aided mmWave
MIMO system [c.f. Fig. 1a] consisting of 1) a BS equipped
with NBS = Mh ×Mv uniform planer array (UPA) antenna
elements where Mh and Mv separately denotes the sizes along
the horizontal and vertical dimensions, 2) a Nh×Nv UPA RIS
with NRIS = Nh×Nv elements where Nh and Nv separately
denotes the sizes along the horizontal and vertical dimensions
of the RIS, and 3) U single-antenna UEs, which are served by
the BS traversing the RIS as their line-of-sight links to the BS

are blocked. This section first provides RIS-aided narrowband
frequency-flat channel models where the signal bandwidth is
smaller than the channel coherence bandwidth, then formulates
a sparse signal recovery problem to estimate the cascaded
frequency-flat channels in the time domain. The rest of this
section extends the channel models for RIS-aided wideband
frequency-selective systems where the signal bandwidth is
larger than the channel coherence bandwidth, then formulates
a sparse signal recovery problem to estimate the cascaded
frequency-selective channels in the frequency domain.

A. Frequency-Flat mmWave MIMO Systems
1) Channel Model: The channel from the RIS to the BS

is denoted by G ∈ CNBS×NRIS , which can be modeled by
the widely adopted Saleh-Valenzuela (SV) geometric channel
model [2], [20] as follows

G =
√

NBSNRIS

LG

LG∑
lg=1

αlgb
(
ϑrlg , ψ

r
lg

)
a
(
ϑtlg , ψ

t
lg

)T
, (1)

where LG denotes the number of paths between the RIS and
the BS; a (·, ·) ∈ CNRIS×1 and b (·, ·) ∈ CNBS×1 represent
the normalized array steering vector associated to the RIS and
the BS, respectively; αlg is the complex gain caused by the
path loss for the lg

th path; ϑrlg (ψ
r
lg
) is the arrived azimuth

(elevation) angle at the BS for the lg th path; and ϑtlg (ψ
t
lg
) the

departed azimuth (elevation) angle at the RIS for the lg th path.
For an = Nh×Nv UPA (where NRIS = NhNv), a (ϑ, ψ) [20],
[25] can be represented by

a (ϑ, ψ)=
1√
NRIS

[
e−j2πd1(ϑ,ψ)n1/λ

]
⊗
[
e−j2πd2(ψ)n2/λ

]
, (2)

where n1 = [0, 1, · · · , Nh − 1], n2 = [0, 1, · · · , Nv − 1], λ is
the carrier wavelength, d1(ϑ, ψ) = d sin(ϑ) cos(ψ), d2(ψ) =
d sin(ψ) and d is the antenna spacing usually satisfying d =
λ/2. Similarly, for an Mh×Mv UPA (where NBS =MhMv),
b (ϑ, ψ) can be represented by

b (ϑ, ψ)=
1√
NRIS

[
e−j2πd1(ϑ,ψ)m1/λ

]
⊗
[
e−j2πd2(ψ)m2/λ

]
,

(3)

where m1 = [0, 1, · · · ,Mh−1] and m2 = [0, 1, · · · ,Mv−1].
On the other hand, the channel from UEu,∀u ∈ [1, U ], to

the RIS is represented by hr,u ∈ CNRIS×1 and can similarly
be expressed as

hr,u =

√
NRIS

Lu

Lu∑
lu=1

αlua
(
ϑrlu , ψ

r
lu

)
, (4)

where Lu is the number of paths between the UEu and the
RIS; αlu is the complex gain caused by the path loss for the
lu

th path; and ϑrlu(ψ
r
lu
) is the arrived azimuth (elevation) angle

at the RIS from the uth UE for the luth path.
Furthermore, we denote the cascaded channel from the

UEu to the BS by Hu ≜ Gdiag (hr,u) ∈ CNBS×NRIS ,
which can be decomposed by using the virtual angular-domain
representation [2], [20] as follows

Hu = UNBS
∆uU

T
NRIS

, (5)
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where UNBS
and UNRIS

are the NBS×NBS and NRIS×NRIS

dictionary unitary matrices at the BS and the RIS, respectively;
and ∆u ∈ CNBS×NRIS denotes the angular cascaded channel,
which constitutes the sparsity by having a few non-zero
elements.

2) Problem Formulation: All users adopt the well-
established orthogonal pilot transmission strategy for the up-
link channel estimation and transmit known pilot symbols to
the BS via the RIS over Q time slots [17], [18], [20]. During
the Q time slots, the UEs transmit uplink pilot sequences, i.e.,
su = [su,1, · · · , su,Q] ∈ C1×Q. In order to distinguish the pi-
lots from different UEs, we assign orthogonal pilot sequences
to different UEs, i.e., su1

sHu2
= 0, for 1 ≤ u1, u2 ≤ U and

u1 ̸= u2.
At the qth, q ∈ [1, Q], time slot, the effective received signal

of the UEu at the BS is denoted by yu,q ∈ CNBS×1 and can
be represented in the time domain (TD) as

yu,q = Gdiag (θ)hr,usu,q +wu,q = Gdiag (hr,u)θsu,q +wu,q,
(6)

where su,q is the pilot symbol sent by the UEu, θ =
[θ1, . . . , θNRIS

]T is the NRIS × 1 reflecting vector at the RIS
with θn representing the reflecting coefficient at the nth RIS el-
ement, n = [1, NRIS], wu,q ∼ CN

(
0, σ2INBS

)
is the NBS×1

received noise with σ2 representing the noise power. Following
the cascaded channel definition, Hu = Gdiag (hr,u), yu,q can
be rewritten as

yu,q = Huθsu,q +wu,q. (7)

After the completion of pilot transmission with dura-
tion of Q time, the overall measurement matrix Yu =
[yu,1, · · · ,yu,Q] ∈ CNBS×Q can be expressed by

Yu = HuΘu +Wu, (8)

where Θu = θ[su,1, · · · , su,Q] and Wu = [wu,1, · · · ,wu,Q]
are sensing and noise matrices, respectively. By substituting
(5) into (8), we can rewrite Yu as

Yu = UNBS
∆uU

T
NRIS

Θu +Wu. (9)

We further denote Ỹu =
(
UH
NBS

Yu

)H ∈ CQ×NBS as the
effective measurement matrix, which can be given as sparse
signal recovery problem as follows

Ỹu = Θ̃u∆
H
u + W̃u, (10)

where Θ̃u =
(
UT
NRIS

Θu

)H ∈ CQ×NRIS is the effective
sensing matrix and W̃u =

(
UH
NBS

Wu

)H ∈ CQ×NBS as the
effective noise matrix.

We further define the NBSNRIS×1 vector hv
u = vec{∆u},

which can be estimated by solving the sparse reconstruction
problem in the time domain as done in [34],

min ∥hv
u∥1 subject to ∥Ỹu − Θ̃u∆

H
u ∥22 < ϵ, (11)

where ϵ represents a tunable parameter defining the maximum
error between the reconstructed channel and the received
signal. Based on (10) and (11), we can respectively estimate
the angular cascaded channel for each user by conventional
CS algorithms, e.g., variants of the OMP algorithm. However,

under the premise of ensuring the estimation accuracy, the pilot
overhead required by the conventional CS algorithms is still
high. Therefore, we develop data-driven approaches to increase
accuracy while reducing the overall computational complexity.

B. Frequency-Selective mmWave MIMO Systems
1) Channel Model: We also consider a frequency-selective

mmWave channel between the RIS and the BS, where trans-
mission bandwidth is larger than the channel coherent band-
width, with a delay tap length of DG in the time domain. The
dth delay tap of the channel from the RIS to the BS is denoted
by Gd ∈ CNBS×NRIS , d ∈ [0, DG−1]. By considering the SV
geometric channel model [2], [34], Gd in time domain can be
written as

Gd =
√

NBSNRIS

LG
×

LG∑
lg=1

αlgprc(dTs − τlg )b
(
ϑrlg , ψ

r
lg

)
a
(
ϑtlg , ψ

t
lg

)T
,

(12)

where Ts represents the sampling period; prc(τ) denotes a
filter that incorporates the effects of pulse-shaping and other
lowpass filtering evaluated at τ ; αlg ∈ C is the complex gain
caused by the path loss at lth path; and τlg ∈ R is the delay
of the lg th path.

On the other hand, the dth delay tap of the channel from
UEu to the RIS is denoted by hd,r,u in the time domain,
d ∈ [0, Dr,u − 1], and can be expressed as

hd,r,u =

√
NRIS

Lu

Lu∑
lu=1

αluprc(dTs − τlu)a
(
ϑrlu , ψ

r
lu

)
, (13)

where τlu ∈ R is the delay of the luth path.
Furthermore, we denote the dth delay tap of the frequency-

selective cascaded channel model from UEu to the BS by
Hd,u ∈ CNBS×NRIS , Hd,u ≜ Gddiag (hd,r,u), which can
also be decomposed by using the virtual angular-domain
representation [2], [20] as follows

Hd,u = UNBS
∆d,uU

T
NRIS

(14)

where UNBS
and UNRIS

are the NBS×NBS and NRIS×NRIS

dictionary unitary matrices at the BS and the RIS, respectively;
and ∆d,u ∈ CNBS×NRIS denotes the angular cascaded chan-
nel.

2) Problem Formulation: In OFDM systems, the delay-
domain channel Hd,u can be transformed into K frequency-
domain subchannels H[k]

u , k ∈ [0,K − 1] via discrete Fourier
transformation (DFT) and each subchannel can be treated as
a frequency-flat channel. In this way, the channel at the kth

subcarrier can be written in terms of the different delay taps
as

H[k]
u =

Dc−1∑
d=0

Hd,ue
−j 2πk

K d = UNBS∆
[k]
u UT

NRIS
. (15)

where Dc = DGDr,u is the overall delayed taps, ∆
[k]
u ∈

CNBS×NRIS is a sparse angular matrix such that ∆
[k]
u =∑Nc−1

d=0 ∆d,ue
−j 2πk

K d, k ∈ [0,K − 1].
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The received pilot signal at the kth subcarrier in the fre-
quency domain (FD) is given by

yu,q
[k] = H[k]

u θs[k]u,q +w[k]
u,q. (16)

Since OFDM training pilots are forwarded through the
MIMO channel, the frequency-selective nature of the trans-
mitted signal cannot be avoided. However, we can express the
pilot training symbols as s[k]u,q = su,q.t

[k]
q where the pilot t[k]q is

a subcarrier-dependent scalar whose effect can be eliminated at
the receiver by simply multiplying the received vector yu,q [k]

by (t
[k]
q )−1 or by (t

[k]
q )∗, where the latter would only apply

for constellations with symbols having the same energy [38].
Hence, the received pilot signal at the kth subcarrier is denoted
by Yu

[k] ∈ CNBS×Q in FD, which can be expressed by
rewriting (9) as follows

Y[k]
u = H[k]

u Θu+W[k]
u = UNBS

∆[k]
u UT

NRIS
Θu+W[k]

u , (17)

where Θu = θ[su,1, · · · , su,Q], W
[k]
u = [w

[k]
u,1, · · · ,w

[k]
u,Q]

such that wu,q
[k] ∼ CN

(
0, σ2INBS

)
is the received noise

vector at qth time slot with σ2 representing the noise power at
the kth subcarrier. Moreover, the effective measurement and
noise matrices for the kth subcarrier are denoted by Ỹ

[k]
u =(

UH
NBS

Yu
[k]
)H
∈ CQ×NBS and W̃

[k]
u =

(
UH
NBS

Wu
[k]
)H
∈

CQ×NBS , respectively. Similar to (10), (17) can be rewritten
as a sparse signal recovery problem as follows

Ỹ[k]
u = Θ̃[k]

u ∆[k]
u

H
+ W̃[k]

u , (18)

where Θ̃u =
(
UT
NRIS

Θu

)H
is the Q×NRIS sensing matrix.

Similar to (11), we also define the NBSNRIS × 1 vector
hvu

[k]
= vec{∆[k]

u }, which can be estimated by solving the
sparse reconstruction problem in the frequency domain as done
in [34],

min ∥hvu
[k]∥1 subject to ∥Ỹ[k]

u − Θ̃u

(
∆[k]
u

)H
∥22 < ϵ. (19)

III. DOUBLE-STRUCTURED SPARSITY PROPERTIES AND
THE PROPOSED DNCNN ARCHITECTURE FOR OFFLINE

TRAINING STAGE

This section first explains two key sparsity features: double-
structured sparsity of the angular cascaded channels and
common sparsity among subcarriers. Then, a double-structured
DnCNN architectures are developed and trained to detect
common supports by exploiting common sparsity properties.
The trained neural networks will then be used in the next
section to accurately estimate and reconstruct of the channels.

A. Double-Structured and Common Sparsity

1) Double-Structured Sparsity: The double structured spar-
sity is a key feature that will be used for the estimation
of both flat and frequency-selective channels. In order to
further explore and explain the common sparsity of the angular

cascaded channel matrix both in row and column, the angular
cascaded sparse channel ∆u in (5) can be expressed as

∆u = UH
NBS

HuU
∗
NRIS

=

√
NBSNRIS

LGLu
×

LG∑
lg=1

Lu∑
lu=1

(
αlgαlu b̃

(
ϑrlg , ψ

r
lg

)
ãT
(
ϑtlg + ϑrlu , ψ

t
lg + ψr

lu

))
,

(20)

where both b̃ (ϑ, ψ) = UH
NBS

b (ϑ, ψ) and ã (ϑ, ψ) =
UH
NRIS

a (ϑ, ψ) have a peak element that lies on the position
of array steering vector at the direction closest to (ϑ, ψ)
in UNBS

and UNRIS
[20], [34]. Based on (20), each com-

plete reflecting path (lg, lu) provides a peak element for
∆u, whose row and column indices rely on

(
ϑrlg , ψ

r
lg

)
and(

ϑtlg + ϑrlu , ψ
t
lg
+ ψr

lu

)
, respectively. Therefore, ∆u has LG

non-zero rows where each non-zero row has Lu non-zero
columns containing the peak elements. The total number of
non-zero elements is LGLu ≪ NBSNRIS, where the number
of paths (LG and Lu) are known to be limited in mmWave
systems (from the sparsity nature).

Consequently, the different sparse channels {∆u}Uu=1 ex-
hibit the double-structured sparsity, as shown in Fig. 1b. Since
different users communicate with the BS through the common
RIS, the channel G from the RIS to the BS is common for all

users. From (20), we note that the AoAs
{(

ϑrlg , ψ
r
lg

)}LG

lg=1

are independent of the user index u, hence, the non-zero
elements of {∆u}Uu=1 lie on the completely common LG

rows. For the row-structured sparsity, we define the row set
of non-zero elements of ∆u as Ωur . Since the channel G
from the RIS to the BS is common for all users, we have
Ω1
r = Ω2

r = · · · = ΩUr = Ωr, where Ωr represents the
completely common row support for {∆u}Uu=1. Likewise, for
the column-structured sparsity, Ωuc represents the column set
of non-zero elements of ∆u for the UEu. By leveraging the
common row and column structured sparsity, the cascaded
channels for different users can be jointly and accurately
estimated and reconstructed.

2) Common Sparsity among Subcarriers: The common
sparsity among subcarriers is an exciting and noteworthy
phenomenon that can be used for the estimation of the
frequency selective channels. It is thanks to the fact that
spatial propagation characteristics of the channels are almost
unchanged within the system bandwidth [25], [28], [31],
[34]. That is, the subchannels corresponding to the different
subcarriers share quite similar scatterers during the signal
propagation. Hence, the matrices in (15) exhibit the same
sparse structure for all k, since the AoA and AoD do not
change with frequency in the transmission bandwidth. This is
a very beneficial property that will be leveraged when solving
the compressed channel estimation problem. Therefore, know-
ing ∆

[k]
u =

∑Nc−1
d=0 ∆v

d,ue
−j 2πk

K d, k ∈ [0,K−1], the supports
of ∆[k]

u are defined as

supp{∆[k]
u } =

Nc−1⋃
d=0

supp {∆d,u},∀k, (21)
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where the union of the supports of the time-domain virtual
channel matrices is due to the additive nature of the Fourier
transform. Since the union is independent of the subcarrier k
in (21), ∆[k]

u has the same supports for all k. Accordingly, the
task of channel estimation turns into solving (18) for the sparse
solution of ∆[k]

u under the constraint given in (21). Then, H[k]
u

can be reconstructed based on the estimated ∆
[k]
u according

to (15).

B. DnCNN Architectures for Support Detection

We consider the received pilot signals as noisy images
and then employ a denoising convolutional neural network
(DnCNN) for channel amplitude estimation. Thereby, we treat
image denoising as a plain discriminative learning problem,
i.e., separating the noise from a noisy image by feed-forward
convolutional neural networks (CNNs). The main motivations
behind using CNNs are twofold. First, deep CNNs have been
recognized to effectively extract image features [39]. Second,
considerable advances have been achieved on regularization
and learning methods for training CNNs, including rectifier
linear unit (ReLU), batch normalization, and residual learning
[31], [40]. These methods can be adopted in CNNs to speed up
the training process and improve the denoising performance.

As illustrated in Fig. 2, we consider a double-structured
DnCNN architecture for the support detection, which consists
of 1) DnCNN1 for the row-structured support detection to
detect the row supports for all users jointly and 2) DnCNN2

for the user-specific column-structured support detection. The
architecture of the DnCNNs follows the same structure defined
in [39], [40] but with different number of layers. More-
over, both DnCNN1 and DnCNN2 are comprised of LC

convolutional (Conv) layers. Each layer uses c
(l)
CL different

D
(l)
x ×D(l)

y ×D(l)
z filters. Here, D(l)

x , D(l)
y and D

(l)
z are the

convolutional kernel dimensions, and c
(l)
CL is the number of

filters in the lth layer. The first convolutional layer is followed
by a ReLU. The succeeding LC − 2 convolutional layers are
followed by batch normalization (BN) and a ReLU. The final
LC

th convolutional layer uses one separate D(LC)
x ×D(LC)

y ×
D

(LC)
z filter to reconstruct the signal.
1) DnCNN1 for the Row-Structured Support Detection:

To detect the row-structured supports of the cascaded channel,
DnCNN1 uses the correlation vector of size NBS × 1, i.e.,

cr =

U∑
u=1

cTu , (22)

where cu =
∣∣∣suỸu

∣∣∣ ∈ C1×NBS is accumulated for all users to
gather the information coming from U users as they share the
same row supports as shown in Subsection III-A1. To use as
an input to the DnCNN1, we reshape the correlation vector
into Cr ∈ CMh×Mv as

Cr = vec2mat(cr, [Mh,Mv]). (23)

The DnCNN1 yields residual noise as an output, rather than
estimated channel amplitudes, where we define an NBS × 1
vector gr =

∑U
u=1

∑NRIS

n=1 |[∆u]:,n| corresponding to the
channel amplitudes accumulated for all users to gather the

information coming from U users as they share the same row
supports as shown in Subsection III-A1 . Then, we reshape gr

into Mh ×Mv matrix form as follows

Gr = vec2mat(gr, [Mh,Mv]), (24)

where Gr is the output of DnCNN1.

DnCNN1 aims to learn a mapping function F1(Cr) = Gr

to predict the latent clean image from noisy observation Cr.
We adopt the residual learning formulation to train a residual
mapping R(Cr) ≈ V where V is the residual noise, and then
we have Gr = Cr − R(Cr). Instead of learning a mapping
directly from a noisy to a denoised image, learning the residual
noise is more beneficial [39], [40]. Furthermore, the averaged
mean squared error between the desired residual images and
the image estimated from noisy input is adopted as the loss
function to learn the trainable parameters Θu of DnCNN1,
which is given by

ℓ1(Θu) =
1

2I

I∑
i=1

∥R(Ci
r;Θu)− (Ci

r −Gi
r)∥2F, (25)

where (Ci
r,G

i
r)
I

i=1 represents I noisy-clean training patch
pairs. This method is also known as residual learning [40] and
renders the DnCNN to remove the highly structured natural
image rather than the unstructured noise. Consequently, resid-
ual learning improves both the training times and accuracy of
the neural network. In this way, combining batch normalization
and residual learning techniques can accelerate the training
speed and improve the denoising performance. Besides, batch
normalization has been shown to offer some merits for residual
learning, such as alleviating internal covariate shift problem in
[39], [41].

For the estimation of frequency selective channels, we
leverage the fact that the sparsity is common among the K
subcarriers as shown in (21). Accordingly, (23) and (24) can be
obtained for the frequency selective channels by respectively
substituting cr and gr with the following variants

cr =

K∑
k=1

U∑
u=1

(c[k]u )T, (26)

gr =

K∑
k=1

U∑
u=1

NRIS∑
n=1

∣∣∣[∆[k]
u ]:,n

∣∣∣ , (27)

where we gather the information coming from K subcarriers
such that c[k]u =

∣∣∣suỸ[k]
u

∣∣∣ ∈ C1×NBS .

2) DnCNN2 for the Column-Structured Support Detection:
Although DnCNN2 follows a denoising procedure similar to
that of DnCNN1, it uses different input and output matrices
to detect the column structured supports. To be more specific,
DnCNN2 relies on the row-structured supports detected by
DnCNN1 and uses the following NRIS × 1 correlation vector

cc,u,lg =
∣∣∣Θ̃u[Ỹu]:,Ω̂r(lg)

∣∣∣ , lg ∈ [1, LG]. (28)

To use as an input to the DnCNN2, we reshape the correlation
vector into Cc,u,lg ∈ CNh×Nv as

Cc,u,lg = vec2mat(cc,u,lg , [Nh, Nv]), ∀lg, u. (29)
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(a)

(b)
Fig. 2: Proposed DnCNN for the double-structured sparsity: (a) DnCNN1 for the row-structured support detection, and (b) DnCNN2 for
the column-structured support detection.

Similar to DnCNN1, DnCNN2 also yields residual noise
as an output, where we define an 1 × NRIS vector gc,u,lg =∣∣∣[∆̃u]Ω̂r(lg),:

∣∣∣ , ∀(u, lg) corresponding to the channel ampli-
tudes at the column supports then we reshape it into Nh×Nv
matrix form as follows

Gc,u,lg = vec2mat(gT
c,u,lg , [Nh, Nv]), ∀(lg, u). (30)

DnCNN2 also aims to learn a mapping function
F2(Cc,u,lg ) = Gc,u,lg to predict the latent clean image
from noisy observation Cc,u,lg . Moreover, the averaged mean
squared error between the desired residual images and the ones
estimated from noisy input is adopted as the loss function
aswell, where the loss function to learn the trainable parame-
ters Θu of DnCNN2 is defined by

ℓ2(Θu) =
1

2I

I∑
i=1

∥R(Cc,u,lg
i;Θu)− (Cc,u,lg

i −Gi
r,u,lg )∥

2
F,

(31)
where (Cc,u,lg

i,Gi
c,u,lg

)
I

i=1
represents I noisy-clean training

patch pairs.

For the estimation of frequency selective channels,
DnCNN2 also leverages the fact that the sparsity is common
among the subcarriers. Accordingly, (29) and (30) can be
obtained for the frequency selective channels by respectively
substituting cc,u,lg and gc,u,lg with the following variants

cc,u,lg =

K∑
k=1

∣∣∣Θ̃u[Ỹ
[k]
u ]:,Ω̂r(lg)

∣∣∣ ,∀u, lg, (32)

gc,u,lg =

K∑
k=1

∣∣∣[∆[k]
u ]Ω̂r(lg),:

∣∣∣ . (33)

3) Number of layers needed for each DnCNN: It is worth
mentioning that the input and output dimensions for DnCNN1

have the same length of NBS × 1 vectors and the number of
row supports to be detected is equal to |Ωr| = LG where
these row supports are common among all users. However, the
dimension of the input and output of DnCNN2 is NRIS × 1
and the number of column supports to be detected is equal
to |Ωc,u,lg | = Lu for each row support in Ωr where these
column supports are user-specific. Knowing that NBS ≤ NRIS

and row supports |Ωr| = LG (or number of paths between
BS and RIS) is less than the overall column supports LGLu
(i.e. LG ≤ Lu < LGLu), DnCNN1 would not need as many
deep layers as for the DnCNN2, which requires deeper layers
since the size of input and output of DnCNN2 is greater than
that of DnCNN1 and LGLu total channel supports must be
detected for each user using DnCNN2. 3

C. Offline Training prepared for the Online Deployment of
DnCNN

1) Offline training: The offline training data can be gener-
ated by using channel amplitudes and the correlation of the
received signals as follows: i) generate channel matrices as
per (1), (4), (12), (13), ii) obtain Gr and Gc,u based on (24)
and (30), iii) compute the received signal matrix Yu, and

3It is worth noting that the considered DnCNN architectures can be general-
ized to scenarios with different system parameters, which needs experimental
tuning of DnCNN hyperparameters.
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iv) acquiring the amplitudes of the correlation vectors cr and
cc,u,lg as per (22) and (28), and transform them into matrix
form Cr, and Cc,u,lg .

2) Online Deployment: Given the offline-trained DnCNNs,
the online deployment follows the following steps: i) obtain
received signal measurements, Ỹu, from the mmWave channel
environment, ii) generate inputs of the DnCNN, i.e., Cr and
Cc,u,lg based on (22) and (28), respectively, iii) fed inputs into
the offline-trained DnCNNs, iv) obtain Ĝr and Ĝc,u,lg from
DnCNN output, and v) detect common row/column supports
of ∆u.

3) Subcarrier Selection Property: For the frequency-
selective cascaded channel estimation, it is worth noting that
the trained DnCNN can be fed only by a subset Kp of K
subcarriers of the amplitudes of the correlation matrices Cr,
Cc,u,lg , to eventually estimate the support of ∆[k]

u since ∆
[k]
u

have the same support for all k, as shown in Section III-A2.
This is possible thanks to the common sparsity among subcar-
riers as explained in Section III-A2. Therefore, the support can
be estimated if a small number of subcarriers Kp ≪ K is used
instead of all subcarriers. This naturally eliminates the need
for computing Cr, Cc,u,lg for all subcarriers and eventually
reduce the overall computational complexity at the cost of
a negligible performance degradation. By leveraging from

triangle inequality, ||Y[k]
u ||22 ≤ ||Θ̃u

(
∆

[k]
u

)H
||22 + ||W̃

[k]
u ||22,

such that the Kp selected signals are expected to exhibit
the strongest channel response. Therefore, the Kp subcarriers
having largest ℓ2-norm will be exploited to derive an estimate
of the support of the already defined sparse channel matrix
∆

[k]
u , k ∈ [0,K − 1]. This property is used in the algorithms

proposed in subsections IV-B and IV-C, and the computational
complexity savings when using this property is analyzed in
subsection IV-D.

IV. DATA-DRIVEN AND OMP-BASED CASCADED
CHANNEL ESTIMATION METHODS

In this section, we develop data-driven approaches for the
estimation of frequency-flat and frequency-selective cascaded
mmWave channels. We also propose a double-structured OMP
to develop frequency-selective cascaded channel estimation.
While we estimate the cascaded channel of the frequency-
flat systems in the time domain, we prefer the frequency
domain for the frequency-selective channels to leverage the
common sparsity among all subcarriers. Thereafter, we analyze
the computational complexity of all proposed methods, which
are finally compared based on practical interpretations and
potential use cases.

A. Algorithm 1: Data-Driven Frequency-Flat Cascaded Chan-
nel Estimation (DD-FF-CE)

The state-of-the-art sparse channel estimation schemes [19],
[20], [34] depend on greedy algorithms to detect the row-
structured and column-structured supports sequentially, which
naturally yield suboptimal solutions and motivated us to ex-
ploit the neural networks to estimate all supports simultane-
ously rather than sequentially. The algorithmic implementation

Algorithm 1 DATA-DRIVEN FREQUENCY-FLAT CASCADED
CHANNEL ESTIMATION (DD-FF-CE)

1: Initialize: {Ỹu, Θ̃u, LG, Lu, Ω̂r, Ω̂c,u,lg∀(k, u, lg)}
2: ∆̂u ← 0NRIS×NBS

∀u
3: cr ← as per (22)
4: Ω̂r ← DETECT ROW SUPPORTS(cr)
5: cc,u,lg ← as per (28), ∀(u, lg)
6: Ω̂c,u,lg ← DETECT COLUMN SUPPORTS(cc,u,lg ),∀(u, lg)

7: Ĥu ← RECONSTRUCT CHANNEL(Ω̂r, Ω̂c,u,lg ),∀(u, lg)
8: return Ĥu

9: procedure DETECT ROW SUPPORTS(cr)
10: Cr ← vec2mat(cr, [Mh,Mv])

11: Ĝr
Online←−−−−−−

DnCNN1

Cr

12: ĝr ← vec(Ĝr)
13: Ω̂r ← INDEXSORTDESCEND (ĝr, LG)
14: return Ω̂r

15: end procedure
16: procedure DETECT COLUMN SUPPORTS(cc,u,lg )
17: Cc,u,lg ← vec2mat(cc,u,lg , [Nh, Nv])

18: Gc,u,lg
Online←−−−−−−

DnCNN2

Cc,u,lg ,∀(u, lg)

19: ĝc,u,lg ← vec(Ĝc,u,lg )

20: Ω̂c,u,lg ← INDEXSORTDESCEND
(
ĝc,u,lg , Lu

)
21: return Ω̂c,u,lg

22: end procedure
23: procedure RECONSTRUCT CHANNEL(Ω̂r, Ω̂c,u,lg )
24: for u = 1 : U do
25: for lg = 1 : LG do
26: [∆̂u](Ω̂c,u,lg ,Ω̂r(lg)) ← as per (34)
27: end for
28: Ĥu ← UH

NBS
∆̂uUNRIS

29: end for
30: return Ĥu, ∀u
31: end procedure

of the proposed DD-FF-CE solution is presented in Algorithm
1. After initialization steps between Lines 1-2, DD-FF-CE is
structured based on three main procedures: 1) The computation
of equivalent correlation vector in Line 3 and joint detection
of the common row supports for all users by using the offline–
trained DnCNN1 in Line 4, 2) computation of the correlation
vector cc,u,lg in Line 5 and detection of the common column
supports per user by using the offline-trained DnCNN2 in Line
6, and 3) reconstruction of the channel in Line 7 based on
detected supports in Line 4 and Line 6, which are explained
in the sequel.

1) Common Row Support Detection: This procedure is
represented in Lines 10-13 of Algorithm 1. Thanks to the
row-structured sparsity of the angular cascaded channels, the
completely common row support Ωr of ∆u, ∀u is jointly
estimated, where Ωr consists of LG row indexes associated
with LG non-zero rows as explained in Section III-A. From
the virtual angular-domain channel representation (5), we
can find that non-zero rows of ∆u, ∀u are corresponding
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to the columns with high power in the correlated received
signal, cu =

∣∣∣suỸu

∣∣∣. Since ∆u, ∀u have the completely
common non-zero rows, cu can be jointly utilized to detect
the completely common row support Ωr through the DnCNN1.
Specifically, we denote cr defined in (22) as a NBS×1 vector
that corresponds to the sum power of cu across all users.

After reshaping cr to a matrix form in Line 10, Line
11 feeds Cr into the trained DnCNN1 to estimate Gr =
vec2mat(gr, [Mh,Mv]), where gr =

∑U
u=1

∑NRIS

n=1 |[∆u]n,:|
is an NBS×1 vector. In Line 12, the offline trained DnCNN1

is used as the kernel of the channel amplitude estimation to
obtain the DnCNN1 output Ĝr of size Mh × Mv , which
is the estimate of Gr given in (24). In Line 13, the output
channel amplitude estimation matrix Ĝr is then vectorized
into the following NBS × 1 vector form ĝr = vec(Ĝr),
where the indices of the maximum amplitudes of ĝr will
be exploited for row-structure support detection. In Line 12,
INDEXSORTDESCEND function sorts the sum vector in the
descending order and return the corresponding index set Ω̂r,
|Ω̂r| = LG, where LG indices of elements with the largest
amplitudes are selected.

2) Individual Column Support Detection: Given the de-
tected row supports Ω̂r, the second procedure given in Lines
5-6 detects the column support Ωc,u,lg for each of lg non-
zero rows and each UEu. This procedure leverages DnCNN2

to detect the column supports for each pair of non-zero lg
path and UEu, which is explained as follows: First, Line 17
reshapes the NRIS× 1 vector cc,u,lg , which is defined in (28)
as a vector that corresponds to the power of correlation vectors
of
∣∣∣Θ̃u[Ỹu]:,Ω̂r(lg)

∣∣∣, into the matrix form Cc,u,lg as per (29).
Next, Line 18 denoises Cc,u,lg , ∀(u, lg) by using the trained
DnCNN2 to estimate Gc,u,lg = vec2mat(gc,u,lg , [Nh, Nv]),

where gc,u,lg =
∣∣∣[∆u]Ω̂r(lg),:

∣∣∣ is an 1 × NRIS vector. That
is, the offline trained DnCNN2 is used as the kernel of the
channel amplitude estimation to obtain the DnCNN2 output
Ĝc,u,lg of size Nh×Nv , which is the estimate of Gc,u,lg given
in (30). In Line 19, the output channel amplitude estimation
matrix Ĝc,u,lg is then vectorized into the following NRIS × 1

vector form ĝc,u,lg = vec(Ĝc,u,lg ), ∀(u, lg), where the indices
of the maximum amplitudes of ĝc,u,lg will be exploited for
column-structure support detection. In Line 20, INDEXSORT-
DESCEND function sorts the vector in descending order and
return corresponding index set Ω̂c,u,lg , |Ω̂c,u,lg | = Lu where
Lu indices of column elements with the largest amplitudes are
selected.

3) Multi-User Cascaded Channel Reconstruction: This
procedure corresponds to the last block depicted in the last
stage of Algorithm 1. Based on detected row and column
supports of all sparse matrices, the nested for loops between
Line 24 and Line 29 reconstruct the channel by using two main
operations: 1) Line 26 performs an LS to estimate the channel
on the row and column indices Ω̂c,u,lg , Ω̂r(lg) as follows

[∆̂u](Ω̂c,u,lg ,Ω̂r(lg)) =

(
[Θ̃u]

†
:,Ω̂c,u,lg

[Ỹu]:,Ω̂r(lg)

)H
, (34)

which is repeated for each user and each lg
th path, and 2)

Line 28 obtains the estimated cascaded channels {Ĥu}Uu=1 by
transforming angular channels into spatial channels.

B. Algorithm 2: Data-Driven Frequency-Selective Cascaded
Channel Estimation (DD-FS-CE)

Apart from [20], the proposed DD-FS-CE algorithm con-
siders the frequency selective channels, where the OFDM is
adopted to combat the frequency selectivity of the channels.
We also employs the DnCNNs to estimate all supports simulta-
neously rather than sequentially. Additionally, the DD-FS-CE
exploits the common support between the different channel
matrices associated with different subcarriers. Since the DD-
FS-CE processes OFDM signals simultaneously received from
K subcarriers, the amount of obtained information is K
times larger than a single carrier system [34]. Accordingly,
exploiting common supports across multiple carriers increases
the likelihood of estimating AoA/AoD, or equivalently the
channel’s support. The algorithmic implementation of the
proposed DD-FS-CE solution is presented in Algorithm 2.

After initialization steps between Lines 1-2, DD-FS-CE is
structured based on four main procedures: 1) selection of
the strongest subcarriers, 2) computation of the equivalent
correlation vector cr in Line 4 and joint detection of the
completely common row-structured supports for all users
and all subcarriers by using the offline-trained DnCNN1 in
Line 5, 3) computation of correlation vector cα,u,lg in Line
6 and detection of the column-structured supports of each
user by using the offline-trained DnCNN2 in Line 7, and
4) reconstruction of the channel in Line 8 based on detected
supports. These steps are explained in the sequel.

1) Strongest Subcarriers Selection: This procedure is rep-
resented Lines 9 - 13, where the algorithm iteratively finds a
subset Ku ∈ K containing the Kp strongest subcarriers for
each user which are expected to exhibit the strongest channel
response as explained in Section III-C3.

2) Common Row Support Detection: This procedure is
represented in Line 16 of Algorithm 2. Thanks to the row-
structured sparsity of the angular cascaded channels, the
completely common row support Ωr for ∆u, ∀u is jointly
estimated, where Ωr consists of LG row indexes associated
with LG non-zero rows as explained in Section III-A. Al-
though we follow the same procedure as in subsection IV-A1,
we also take the OFDM symbols into consideration and
leverage the common sparsity among the subcarriers. From
the virtual angular-domain channel representation given in (5),
we can find that non-zero rows of ∆

[k]
u , ∀u corresponds to

the columns with high power in the correlated received signal
c
[k]
u =

∣∣∣s[k]u Ỹ
[k]
u

∣∣∣. Since ∆
[k]
u , ∀u have the completely common

non-zero rows Ωr for all U users and all K subcarriers, c[k]u
can be jointly utilized to detect Ωr, through the DnCNN1.
Specifically, we denote

cr =

U∑
u=1

∑
k∈Ku

(c[k]u )T (35)

as NBS × 1 vector that corresponds to sum power of
c
[k]
u across all users as defined in (26) but over the Ku
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strongest subcarriers. Similarly, after reshaping cr to a ma-
trix form, we input the matrix into the trained DnCNN1

to estimate Gr = vec2mat(gr, [Mh,Mv]), where gr =∑U
u=1

∑
k∈Ku

∑NRIS

n=1

∣∣∣[∆[k]
u ]n,:

∣∣∣ is an NBS×1 vector. In Line
16, the offline trained DnCNN1 is used as the kernel of the
channel amplitude estimation to obtain the DnCNN1 output
Ĝr of size Mh ×Mv , which is the estimate of Gr given in
(24).

3) Individual Column Support Detection: Although this
procedure is similar to the column support detection explained
in Section IV-A2, it differs in leveraging the common sparsity
among all K subcarriers. Given detected row supports Ω̂r, the
procedure steps (Lines 6-7, 20) detect the column supports
Ωc,u,lg for each pair of lg

th path and UEu, ∀(u, g), by
exploiting the DnCNN2, which is further explained as follows:
Line 6 first defines a NRIS × 1 vector cc,u,lg as

cc,u,lg =
∑
k∈Ku

∣∣∣Θ̃u[Ỹ
[k]
u ]:,Ω̂r(lg)

∣∣∣ , ∀(u, lg) (36)

which corresponds to the power of correlation column vec-
tor of Θ̃u[Ỹ

[k]
u ]:,Ω̂r(lg)

over the subset of Kp ∈ Ku ⊂
K subcarriers. Similar to Algorithm 1, cc,u,lg is reshaped
into a matrix form, Cc,u,lg , ∀(u, lg), which is then de-
noised by using the trained DnCNN2 to estimate Gc,u,lg =
vec2mat(gc,u,lg , [Nh, Nv]), where 1 × NRIS vector gc,u,lg

is defined by using the subset Kp subcarriers as gc,u,lg =∑
k∈Ku

∣∣∣[∆[k]
u ]Ω̂r(lg),:

∣∣∣ . During the denoising step, the of-
fline trained DnCNN2 is used as the kernel of the channel
amplitude estimation to obtain the DnCNN2 output Ĝc,u,lg

of size Nh × Nv , which is the estimate of Gc,u,lg given
in (30). The estimate of output channel amplitude matrix
Ĝc,u,lg is then vectorized into a NRIS × 1 vector, ĝc,u,lg =

vec(Ĝc,u,lg ), ∀(u, lg), where the indices of the maximum am-
plitudes of ĝc,u,lg is exploited to detect the column-structured
supports. Furthermore, INDEXSORTDESCEND function is used
to sort the vector ĝc,u,lg in descending order and return
corresponding index set Ω̂c,u,lg , which is common among all
K subcarriers.

It is worth noting that there is no need to compute cc,u,lg =∑
k

∣∣∣Θ̃H
u [Ỹ

[k]
u ]:,Ω̂r(lg)

∣∣∣ for all K subcarriers rather than just for
a subset of Kp ∈ Ku ⊂ K which reduces the computational
complexity.

4) Multi-User Multi-Carrier Cascaded Channel Recon-
struction: This procedure corresponds to the last block de-
picted in the last stage of Algorithm 2. Based on detected
row and column supports of all sparse matrices, the nested for
loops between Line 24 and Line 31 reconstruct the channel
by using two main operations. The first operation in Line 27
performs an LS estimate of the channel as follows

[∆̂[k]
u ](Ω̂c,u,lg ,Ω̂r(lg))

=
(
([Θ̃u]:,Ω̂c,u,lg

)†[Ỹ[k]
u ]:,Ω̂r(lg)

)H
,

(37)
which is repeated for all users, subcarriers, and paths. It
is worth noting that the computation of ([Θ̃u]:,Ω̂c,u,lg

)† is

performed only once for all subcarriers since [Θ̃u]:,Ω̂c,u,lg
is

common among the subcarriers. On the other hand, the second

Algorithm 2 DATA-DRIVEN FREQUENCY-SELECTIVE CAS-
CADED CHANNEL ESTIMATION (DD-FS-CE)

1: Initialization:Ỹ[k]
u ∀(k, u) Θ̃u, LG, Lu, Ω̂r, Ω̂c,u,lg∀u, lg

2: ∆̂
[k]
u ← 0NRIS×NBS∀k, ∀u;

3: Ku ← FIND STRONGEST SUBCARRIERS(Ỹ
[k]
u ),∀k

4: cr ← as per (35)
5: Ω̂r ← DETECT ROW SUPPORTS(cr)
6: cc,u,lg ← as per (36), ∀(u, lg)
7: Ω̂c,u,lg ← DETECT COLUMN SUPPORTS(cc,u,lg ),∀(u, lg)

8: Ĥ
[k]
u ← RECONSTRUCT CHANNEL(Ω̂r, Ω̂c,u,lg ),∀(u, lg)

9: procedure FIND STRONGEST SUBCARRIERS(Ỹ[k]
u )

10: for u = 1 : U do
11: for i = 1 : Kp do

Ku = Ku ∪ arg max
k ̸∈Ku

∥suỸ[k]
u ∥22

12: end for
13: end for

return Ku,∀u
14: end procedure
15: procedure DETECT ROW SUPPORTS(cr)
16: Lines 10-12 in Algorithm 1
17: return Ω̂r

18: end procedure
19: procedure DETECT COLUMN SUPPORTS(cc,u,lg )
20: Lines 17-20 in Algorithm 1
21: return Ω̂c,u,lg , ∀(u, lg)
22: end procedure
23: procedure RECONSTRUCT CHANNEL(Ω̂r, Ω̂c,u,lg )
24: for u = 1 : U do
25: for k = 1 : K do
26: for lg = 1 : LG do
27: [∆̂

[k]
u ](Ω̂c,u,lg ,Ω̂r(lg))

← as per (37)
28: end for
29: Ĥ

[k]

u = UH
NBS

∆̂
[k]
u UNRIS

30: end for
31: end for
32: return Ĥ

[k]

u ,∀(u, k)
33: end procedure

operation in Line 29 obtains the estimated cascaded channels
Ĥ

[k]
u , ∀(u, k) by transforming angular channels into spatial

channels.

C. Algorithm 3: Double-Structured OMP Based Frequency-
Selective Cascaced Channel Estimation (DSOMP-FS-CE)

In this OMP-based approach, we also adopt an OFDM
system to combat the frequency-selectivity of the mmWave
channels. Similarly, the proposed DSOMP-FS-CE algorithm
exploits the common supports between different channel ma-
trices associated with different subcarriers. Since the DSOMP-
FS-CE processes OFDM signals simultaneously received from
K subcarriers, the amount of obtained information is K
times larger than a single carrier system [34]. The algorithmic
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Algorithm 3 DS-OMP FREQUENCY-SELECTIVE CASCADED
CHANNEL ESTIMATION (DSOMP-FS-CE)

1: Initialization: Ỹ[k]
u , Θ̃u, LG, Lu, Ω̂r, Ω̂c,u,lg ,∀(k, u, lg)

2: ∆̂
[k]
u ← 0NRIS×NBS∀k, ∀u;

3: Ku ← FIND STRONGEST SUBCARRIERS(Ỹ
[k]
u ),∀(u, k)

4: Ω̂r ← DETECT ROW SUPPORTS(Ỹ
[k]
u ,Ku),∀(u, k)

5: Ĥ
[k]

u ← DETECT COLUMN SUPPORTS &
RECONSTRUCT CHANNEL (Ω̂r),∀(k, u)

6: procedure FIND STRONGEST SUBCARRIERS(Ỹ[k]
u )

7: Lines 24-31 in Algorithm 2
8: return Ku,∀u
9: end procedure

10: procedure DETECT ROW SUPPORTS(Ỹ[k]
u ,Ku)

11: for u = 1, 2, · · · , U do
12: for k ∈ Ku do
13: [p]n = [p]n + ∥[suỸ[k]

u ]n∥
2

F,∀n ∈ [1, NBS]
14: end for
15: end for
16: Ω̂r ← INDEXSORTDESCEND (p, LG)
17: return Ω̂r

18: end procedure
19: procedure DETECT COLUMN SUPPORTS &
20: RECONSTRUCT CHANNEL(Ω̂r)
21: for lg = 1 : LG do
22: ỹ

[k]
u ← [Ỹ

[k]
u ]:,Ω̂r(lg)

,∀(u, k)
23: r̃

[k]
u ← ỹ

[k]
u

24: for lu = 1, 2, · · · , Lu do
25: n∗ ← argmax

n∈[1,NRIS]

∑
Ku
∥[Θ̃u]:,n

H
r̃
[k]
u ∥

2

F,∀u

26: Ω̂uc,lg ← Ω̂uc,lg
⋃
n∗

27:
ˆ̃h
[k]

u ← 0NRIS×1

28: [
ˆ̃h
[k]

u ]Ω̂u
c,lg

← [Θ̃u]:,Ω̂u
c,lg

†
ỹ
[k]
u ,∀(u, k)

29: r̃
[k]
u ← ỹ

[k]
u − Θ̃u

ˆ̃h
[k]

u ,∀(u, k)
30: end for
31: [∆̂

[k]
u ](Ω̂c,u,lg ,Ω̂r(lg))

← as per (37) ∀u, k
32: end for
33: Ĥ

[k]

u ← UH
NBS

ˆ̃∆
[k]
u UNRIS ,∀(u, k) return Ĥ

[k]

u ,∀(u, k)
34: end procedure

implementation of the proposed DSOMP-FS-CE solution is
presented in Algorithm 3, which is structured based on three
main procedures following the initialization steps between
Lines 1-2:

(i) Selection of the strongest subcarriers as represented in
Line 6 and previously explained in Algorithm 2, (ii) Joint
detection of the completely common row-structured supports
all users and all subcarriers, and (iii) Detection of the colum-
n-structured supports per user using OMP and reconstruction
of the channel based on the selected supports, which are
further explained in the sequel.

1) Common Row-structure Support Detection: This proce-
dure is represented in Lines 11-16 of Algorithm 3. Thanks to

the row-structured sparsity of the angular cascaded channels,
the completely common row support Ωr for ∆u, ∀u is jointly
estimated where Ωr consists of LG row indexes associated
with LG non-zero rows as explained in Section III-A. In this
algorithm, we can find that non-zero rows of ∆[k]

u , ∀u corre-
sponds to the columns with high sum power in the received
signal Ỹ[k]

u . Since ∆
[k]
u ,∀u have the completely common non-

zero rows for all U users and all K subcarriers, Ỹ[k]
u , ∀(u, k)

can be jointly utilized to detect the completely common row
supports, Ωr. Specifically, we denote p as a NBS×1 vector that
corresponds to the sum power of (∥suỸ[k]

u ∥, ∀(u, k)) over the
Ku strongest subcarriers. In Line 16, INDEXSORTDESCEND
returns the corresponding index set Ω̂r, |Ω̂r| = LG where LG

indices of elements with the largest amplitudes are selected.
2) Individual Column Support Detection and Multi-user

Multi-carrier Cascaded Channel Reconstruction: Given the
detected row supports Ω̂r, this procedure given in Lines 21-
33 detects the column supports Ωc,u,lg for each pair of lg th

path and UEu, ∀(u, g), and reconstructs the cascaded channel
by using the OMP approach that leverages the common
sparsity property among the subcarriers. This steps are further
explained below:

Line 22 first defines a Q × 1 vector ỹ
[k]
u =

[Ỹ
[k]
u ]:,Ω̂r(lg)

,∀(u, k), that represents the extracted vector from

the effective measurement matrix Ỹ
[k]
u at the Ω̂r(lg)

th
index.

In line 23, the residual vector is initialized as r̃
[k]
u = ỹ

[k]
u .

Then in Line 24, the algorithm starts iterating to find the
Lu columns per each lg row. In Line 25, the correlation
between the sensing matrix Θ̃u and the residual vector r̃

[k]
u

is calculated for UEu,∀u over the Kp ∈ Ku subcarriers, and
then the nth column of Θ̃u with maximum correlation with the
residual r̃[k]u is obtained. The newly detected column index is
regarded as n⋆. Based on the updated column support Ω̂uc,lg in

Line 26, the estimated sparse vector ˆ̃
h
[k]

u is obtained by using
the LS estimation in Line 28. After that, the residual vector
r̃
[k]
u in Line 29 is updated by removing the effect of non-

zero elements. Lines 25-29 are repeated until all Lu columns
per each lg row are obtained. Based on the detected row
and column supports of all sparse matrices, the Lines 31- 33
reconstruct the channel by using two main operations: 1) Line
31 performs an LS estimate of the channel as per (37) which
is repeated for all users, subcarriers, and paths. Again, the

computation of
(
[Θ̃u]:,Ω̂c,u,lg

)†
is performed only once for

all subcarriers; and 2) Line 33 obtains the estimated cascaded
channels Ĥ

[k]
u ,∀(u, k) by transforming angular channels into

spatial channels.

D. Comparison and Analysis of Computational Complexity
For comparison purposes, the overall computational com-

plexity of DS-OMP [20] and conventional OMP [19] bench-
marks are also provided in Tables II and III. The online com-
putational complexity for Algorithms 1, 2 and 3 are provided
in Tables IV, V and VI, respectively. Since some steps can be
performed before running the channel estimation algorithms,
we distinguish between online and offline operations. For in-
stance, the matrix Θ̃u can be computed offline before explicit
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Table II: COMPLEXITY OF DS-OMP [20]

Operation Overall Complexity
Frequency-Flat DS-OMP O(UNBSQ+ ULGNRIS(QL3

u))
Frequency-Selective DS-OMP O(KUNBSQ+KULGNRIS(QL3

u))

Table III: COMPLEXITY OMP [19]
Operation Overall Complexity
Frequency-Flat OMP O(UNBSQ(NBSNRIS + 2(LuLG)2)
Frequency-Selective OMP O(KUNBSQ(NBSNRIS + 2(LuLG)2)

Table IV: COMPLEXITY OF ALGORITHM 1
Operation Complexity
cu =

∣∣∣suỸu

∣∣∣ O(UNBSQ)∑U
u=1 c

T
u O(UNBS)

DETECT ROW SUPPORTS Line 4 (38)
cc,u,lg =

∣∣∣Θ̃u[Ỹu]:,Ω̂r(lg)

∣∣∣ , ∀lg O(UQNRISLG)

DETECT COLUMN SUPPORTS Line 6 (38)
([Θ̃u]:,Ω̂c,u,lg

)†[Ỹu]:,Ω̂r(lg)
∀lg , u O(ULG(2QL2

u + L3
u))

UH
NBS

∆̂uUNRIS
, ∀u O(U(LGNBS + LuNRIS))

Overall O(UNBSQ+ ULGNRISQ
+ULG(2QL2

u + L3
u))

Table V: COMPLEXITY OF ALGORITHM 2
Operation Complexity
FIND STRONGEST SUBCARRIERS(Ỹ

[k]
u ) O(UKQNBS)∑U

u=1

∑
k∈Ku

c
[k]
u

T
O(UKpNBS)

DETECT ROW SUPPORTS Line 5 (38)
cc,u,lg =

∑
k∈Ku

∣∣∣Θ̃u[Ỹ
[k]
u ]:,Ω̂r(lg)

∣∣∣ O(KpUQNRISLG)

DETECT COLUMN SUPPORTS Line 7 (38)
([Θ̃u]:,Ω̂c,u,lg

)†[Ỹ
[k]
u ]:,Ω̂r(lg)

∀lg , u O(ULG(2QL2
u + L3

u))

UH
NBS

∆̂
[k]
u UNRIS

,∀(u, k) O(KU(LGNBS + LuNRIS))

Overall O(KUQNBS +KpUQNRISLG

+KU(LGNBS + LuNRIS))

Table VI: COMPLEXITY OF ALGORITHM 3
Operation Complexity
FIND STRONGEST SUBCARRIERS(Ỹ

[k]
u ) O(UKQNBS)

DETECT ROW SUPPORTS Line 11 O(KpUQNBS)

argmax
n=1,2,··· ,NRIS

∑
Ku

∥[Θ̃u]:,n
H
r̃
[k]
u ∥

2

F O(2KpUQNRISLGLu)

([Θ̃u]:,Ω̂c,u,lg
)†[Ỹ

[k]
u ]:,Ω̂r(lg)

∀lg , u O(ULG(2QL2
u + L3

u))

ỹ
[k]
u − Θ̃u

ˆ̃h
[k]

u , ∀(u, k) O(KUQNRISLGLu)

UH
NBS

∆̂
[k]
u UNRIS

,∀(u, k) O(KU(LGNBS + LuNRIS))

Overall O (UKQNBS

+(K + 2Kp)UQNRISLGLu)

channel estimation. Besides, the computational complexity of
the proposed DnCNN arises from both online deployment and
offline training. Although the online complexity is easier to
compute, the offline training complexity is still an open issue
due to a more involved implementation of the backpropagation
process during the training [42]. Therefore, we only consider
the complexity of the online deployment which is based
on simple matrix-vector multiplications. For a deep neural
network with LC convolutional layers [43], the total time
complexity is given by

O

(
LC∑
l=1

D(l)
x D(l)

y D(l)
z b(l)x b

(l)
y c

(l−1)
CL c

(l)
CL

)
, (38)

where D(l)
x , D(l)

y and D(l)
z are the convolutional kernel dimen-

sions, b(l)x and b(l)y are the dimensions of the lth convolutional
layer output; and c(l)CL is the number of filters in the lth layer.
We should also note that DL enjoys the advantages of par-
allel processing virtues of graphics processing units (GPUs),
and hence, the overall time complexity is dominated by the
analytical operations performed in the proposed algorithms.

Moreover, to present the complexity enhancement of our
proposed approaches, we have included a comparison of
complexity order versus the pilot training length Q for all
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Fig. 3: Complexity versus pilot training length Q.
Table VII: SIMULATION PARAMETERS

Parameter Value
Total size of dataset 10, 000
Number of antennas at BS NBS = Mh ×Mv UPA 32 = 8× 4
Number of RIS elements NRIS = Nh ×Nv UPA 100 = 10× 10
Total number of users (U ) 16
Total number of subcarriers (K) 128
Subset number of subcarriers (Kp) K/4
Operating frequency 28GHz
BS-RIS Channel paths LG 5
RIS-user Channel paths Lu, ∀u 8
Number of delay taps of the channel Nc 16
Roll-off factor of raised-cosine prc(t) filter 0.8
Distribution of AoAs/AoDs U(0, π)

proposed algorithms (frequency flat and frequency selective
cases) in Fig. 3 for NRIS = 100, NBS = 64, K = 128,
Kp = K/4, LG = 5, and Lu = 8. In Fig. 3, the complexity
order of the proposed DD-FF-CE/DD-FS-CE algorithms is
lower than the DS-OMP approach in [20] and the conventional
OMP approach [19] by more than two orders of magnitude for
the frequency flat and frequency selective scenarios.

E. Practical Interpretations and Potential Use Cases

The proposed data-driven approaches are preferable thanks
to their lower complexity and robustness against the changes in
the network size, which is already numerically analyzed in the
next section. However, the data-driven approaches necessitates
availability of data-sets to train neural networks as well as
sufficient computational power at the BS for both on-site
offline training and online deployment.

The OMP-based approach is more suitable when data-sets
and sufficient computational power are not readily available
at the BS (i.e., small cells). It can also be utilized to generate
labels for neural network training. It is critical to note that an
accurate row-structured support detection by the OMP-based
approach mainly depends on the amount of information com-
ing from all users communicating through the RIS. Therefore,
the use of OMP-based approach is limited to cellular networks
with dense user density.

Moreover, it is worth noting that our proposed approaches
work for both uplink and downlink channels as we consider the
time division duplex transmission (TDD) mode where channel
reciprocity holds [44]. Moreover, the proposed approaches
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Fig. 4: The impact of learning rates and network architecture on
the training loss: (a) training loss (Solid curves) performance versus
validation loss (Dotted curves) performance for a selection of learning
rates with LC = 3 and LC = 7 for DnCNN1 and for DnCNN2,
respectively; and (b) training loss performance for varying number
of layers LC = {3, 7, 15, 20} with learning rates lr = 10−4 and
lr = 10−2 for DnCNN1 and DnCNN2, respectively.

can be extended for the frequency division duplex (FDD)
transmission mode where channel reciprocity does not hold
but the angular reciprocity does [45]–[47] since the angle
information is same for both uplink and downlink. Hence, in
FDD systems, we can still benefit from 1) angle reciprocity,
which holds true for FDD systems as long as the uplink and
downlink carrier frequencies are not too far from each other
(less than several GHz [46], [47]), and 2) angle coherence time
which is much longer than the conventional channel coherence
time [45] where the channel angle information can be regarded
as unchanged. Extension of channel estimation to consider the
FDD mode is left for future work.

V. SIMULATION RESULTS

This section evaluates the performance of the proposed
algorithms and compares empirical results with the following

benchmark channel estimation algorithms:

• ChannelNet [29] considers a CNN to estimate the chan-
nel from received pilot signals for a frequency flat case.

• FL-based ChannelNet [36] considers federated learning
downlink channel estimation using a CNN trained on the
local datasets of the users without sending them to the
BS for a frequency-selective case.

• DS-OMP [20] detects multiple channel paths support
entries for frequency-flat fading and exploits the common
sparsity among the users. In the DS-OMP, the mmWave
channel support indices are detected sequentially and
greedily using an OMP-based approach.

• CS-Based solution proposed in [19] detects multiple
channel paths and supports using the conventional OMP
approach without exploiting the common sparsity among
the users.

• Oracle LS gives the lower bound when the supports are
perfectly known. Therefore, it is necessary to compare the
NMSE performance of the proposed approaches against
Oracle LS to see how close is the support detection from
the target supports. The Oracle LS is widely adopted to
evaluate the performance of CS-based approaches [20],
[34]. Accordingly, the Oracle LS is provided as a bench-
mark to compare each algorithm’s average performance
with the lowest achievable NMSE.

The results are obtained through extensive Monte Carlo
simulations to evaluate the average normalized mean squared
error (NMSE) function of the SNR and the number of training
frames, Q. Each element of RIS reflecting vector θ is selected
from {− 1

NRIS
,+ 1

NRIS
} by considering discrete phase shifts

of the RIS [21]. We use the geometric channel model to
generate synthetic labels (ground truth labels) to train and
test the neural network as done in [29], [36]. In particular,
the training data can be obtained by generating the input-
output pairs for several realizations with the simulated channel
dataset generated according to the classical geometric channel
model [28], [29], [36] defined in (1), (4), (12) and (13) where
the size of the dataset is 10, 000. Unless stated explicitly
otherwise, the default system parameters used throughout the
experimental simulations are summarized in Table VII, where
U(·, ·) represents the uniform distribution.

The adopted DnCNN1 adopted has LC = 3 convolutional
layers, whereas DnCNN2 has LC = 7 convolutional layers.
Furthermore, as defined in [39], [40], Tthe first convolutional
layer in both DnCNNs uses c1CL = 64 different 3 × 3 × 1
filters. The succeeding convolutional layer uses 64 different
3×3×64 filters. The final convolutional layer uses one separate
3 × 3 × 64 filter. Moreover, we divide the dataset into the
training set and the validation set randomly, where the size of
the training set is 70% of the total set and the validation set
is the other 30%. We adopt the adaptive moment estimation
(Adam) optimizer to train both DnCNNs. The neural networks
are trained for 20 epochs, where 256 mini-batches are utilized
in each epoch. The learning rates are set to lr = 10−4 for
DnCNN1 and lr = 10−2 for DnCNN2. The training process
terminates when the validation accuracy does not improve in
ten consecutive iterations.
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Fig. 5: Successful support detection probability vs. SNR: a)
frequency-flat channels and b) frequency-selective channels.

A. DnCNN Convergence and Network Architecture

In Fig. 4a, we plot the loss function progression versus the
number of training iterations to show how the loss changes
with different learning rates. Fig. 4a verifies the model’s
convergence and generality by showing that validation and
training losses converge and match well. Moreover, it is
worth noting that setting the learning rates lr = 10−4 for
DnCNN1 and lr = 10−2 for DnCNN2 are the best options
as they guarantee the lowest loss value with a relatively high
convergence speed. In Fig. 4b, we plot the training loss pro-
gression for different network architectures, i.e., we compare
the performance for different LC depths of convolutional
layers. It can be seen that using LC = 3 for DnCNN1 and
LC = 7 for DnCNN2 provide the optimal performance in
terms of convergence and training loss. When we increased
the hidden layers, the model learned more parameters than
needed to solve the problem.

B. Successful Support Detection Probability

In Fig. 5a, we compare the successful support detection
probability versus SNR for the proposed DnCNN-based row
and column support estimation and that of DS-OMP. It can

be seen that the proposed DnCNN outperforms DS-OMP over
the whole SNR range as the trained DnCNN can efficiently
denoise the correlated input image and obtain a sparse matrix
of the channel amplitudes. From this denoised sparse matrix,
the indices of the supports (i.e., dominant entries of the
obtained sparse matrix) are detected.

Similarly, Fig. 5b compares the successful support detection
probability versus SNR for the proposed DnCNN-based row
and column support estimation and that of the DS-OMP. It can
be seen that the proposed DnCNN outperforms DS-OMP over
the whole SNR range as the trained DnCNN can efficiently
denoise the correlated input image and obtain a sparse matrix
of the channel amplitudes. From this denoised sparse matrix,
the indices of the supports (i.e., dominant entries of the
obtained sparse matrix) are detected. Moreover, we show that
when we set Kp ≪ K, the support detection is not affected,
since ∆

[k]
u have the same support for all K as explained

in Section III-A2. Therefore, we can reduce computational
complexity as there is no need to compute the correlation
step (given in (36) for all subcarriers. Thus, a smaller subset
of subcarriers can also provide a high probability of correct
support detection. From Fig. 5b, it is shown that as the
number of users increases, the NMSE decreases due to the fact
that significant redundancy exists in the user-RIS-BS reflected
channels of different users which is the common row support
structure between the channels. Hence, the correctness of the
row support detection is improved, and the channel recovery
performance is improved. Whereas, when the number of users
decreases, we have less information from the common channel
between RIS and BS. Moreover, the plots in Fig. 5b show that
support detection accuracy of the OMP-based DSOMP-FS-CE
approach is more sensitive to that of the proposed data-driven
approach as the number of users decrease from U = 16 to
U = 4. Hence, the proposed data-driven approach is more
robust to network changes.

C. Comparison of the Normalized Mean Squared Errors

One of the key performance metrics for the channel estimate
Ĥ is the NMSE, which is expressed for a given frequency-flat
channel realization as

NMSE =
1

U

U−1∑
u=0

∥Ĥu −Hu∥2F
∥Hu∥2F

. (39)

Similarly, the NMSE is expressed for a given frequency-
selective channel realization as

NMSE =
1

U

U−1∑
u=0

∑K−1
k=0 ∥Ĥ

[k]

u −H[k]
u ∥2F∑K−1

k=0 ∥H
[k]
u ∥2F

. (40)

We consider the NMSE our baseline metric to compute the
proposed algorithms’ performance, which will be obtained by
averaging over many channel realizations. While the DnCNN
is used to detect the supports of the channel matrices, the
Oracle LS gives the lower bound when the supports are per-
fectly known [20], [34]. Therefore, it is necessary to compare
the NMSE performance of the proposed approaches against
Oracle LS to see how close is the support detection from the
target supports. Accordingly, the Oracle LS is provided as a
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Fig. 6: NMSE performance comparison versus SNR for the
frequency-flat channels (Q = 128).
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Fig. 7: NMSE performance comparison versus SNR for the
frequency-selective case (Q = 128).
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Fig. 8: NMSE performance versus pilot training Q for frequency
selective channels (SNR= −5 dB).
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Fig. 9: NMSE performance for various number of paths LG and Lu

for SNR = −5 dB, Q = 128.

benchmark to compare each algorithm’s average performance
with the lowest achievable NMSE.

Fig. 6 compares the average NMSE versus SNR obtained
for the different channel estimation algorithms over a practical
SNR values ranging from −20 dB to 0 dB. It is worth noting
that the choice of the SNR range is based on the fact that
the expected SNR typically ranges between −20 dB and 0 dB
in mmWave communication systems [34]. In Fig. 6, the DD-
FF-CE performs best, achieving NMSE values very close to
that of Oracle LS within a gap around 1 dB. The performance
difference between DS-OMP and the proposed algorithm is
noticeable because DS-OMP estimates the mmWave channel
dominant entries sequentially rather than at a single shot.
The DD-FF-CE delivers an NMSE lower than that of the
frequency-flat DS-OMP and conventional CS by approxi-
mately −5 dBs. Moreover, the performance of DD-FF-CE is
superior to ChannelNET solution [29] since we leverage from
the common sparsity among the users to enhance the channel
estimation.

Similarly, the DD-FS-CE deliver the best performance in
Fig. 7 by achieving NMSE values very close to the Oracle LS
within a gap around 0.5 dB. Moreover, the proposed OMP-
based scheme DSOMP-FS-CE also achieves NMSE values
very close to the Oracle LS within a gap around 1 dB.

The performance difference between the frequency-selective
DS-OMP and proposed algorithms is noticeable because the
DS-OMP estimates the mmWave channel dominant entries
sequentially, which is repeated for each subcarrier, rather
than at a single shot. Therefore, frequency-selective DS-
OMP does not leverage the common sparsity property of the
subcarriers providing an inferior performance compared to the
proposed approaches. For example, the DD-FS-CE delivers an
NMSE lower than that of the frequency-selective DS-OMP
by approximately −4 dBs and that of FL-based ChannelNet
by −3 dBs. Since we leverage from the common sparsity
among the users and the common sparsity of the subcarriers to
enhance the channel estimation, the performance of the DD-
FS-CE is superior to FL-based ChannelNet solution [36] which
is repeated for every subcarrier.

Fig. 8 compares the NMSE performance of frequency-
selective channel estimation schemes against the pilot over-
head, i.e., the number of time slots Q for pilot transmission.
Using a sufficiently large number of training frames Q, in-
creases the performance at the cost of higher overhead and
computational complexity since the complexity of detecting
the supports and channel gains grows linearly with Q. It is
evident from Fig. 8 that, in order to achieve the same esti-
mation accuracy, the pilot overhead required by the proposed
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DD-FS-CE and DSOMP-FS-CE scheme is lower than the DS-
OMP [20]. We also observe that using Q > 80 frames does
not significantly improve performance, which leverages the
robustness of the two proposed approaches. Therefore, with
the proposed schemes, we can save on the training overhead.
Additionally, we compare the performance of the OMP-based
approach DSOMP-FS-CE, when we decrease the number of
users to U = 4, with that of DD-FS-CE where the DnCNNs
are trained for U = 16 but the estimation is done for the case
of U = 4. We can see that the performance of OMP-based
approach degrades with decrease in number of users since the
accurate support detection depends on the number of users
involved in channel estimation. This indicates that DD-FS-
CE approach is more robust towards change in the number of
users in the network.

Furthermore, we have compared NMSE performance for
various number of channel paths LG and Lu in Fig. 9. As the
numbers of paths LG and Lu increases, the NMSE of different
algorithms degrades. Moreover, the proposed deep learning
based DD-FS-CE scheme can well adapt to the channels with
different numbers of paths, and matches in performance with
the Oracle LS method, whereas the DSOMP-FS-CE scheme is
more sensitive to the number of paths and matches the Oracle
LS method for the lower range of channel paths. Moreover,
DS-OMP [20] is the most sensitive to the channel paths. These
observations imply that the proposed DD-FS-CE possesses a
good generalization ability for different channel paths.

VI. CONCLUSION

In this work, three low-overhead cascaded channel esti-
mation approaches for frequency selective and frequency-flat
mmWave RIS-assisted communication systems have been pro-
posed. We have leveraged from the double-structured sparsity
of the angular cascaded channels among users. Based on this
double-structured sparsity, we then proposed two data-driven
based and one model based algorithms to reduce the pilot
overhead. To compensate for the frequency selectivity, the
developed algorithms are based on joint-sparse recovery that
exploit information on the common basis shared for every
subcarrier. Compared to the state-of-the-art channel estimation
techniques that estimate supports iteratively, the proposed
solutions reduce computational complexity and estimation
error by detecting all supports simultaneously. Simulation
results have shown that the proposed schemes have better
channel estimation performance than existing schemes using
a reasonably small training length and low complexity order.
It has also been revealed that a small number of subcarriers
are sufficient for successful support detection during the deep
learning prediction phase. Thus, the proposed schemes are able
to attain good NMSE performance with low computational
complexity. Moreover, the data-driven approaches have been
shown to be more robust towards change in the number of
users in the cellular network. In our future work, we will ex-
tend the proposed approaches by taking channel extrapolation
into account, which is shown to be a promising approach [48],
[49] to estimate cascaded channels.
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