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Machine Learning-Based Channel Estimation for
Multi-RIS-Assisted mmWave Massive-MIMO
OFDM System 1in a Dynamic Environment

Thabang C. Rapudu

Abstract— Wireless communication in high obscurity environ-
ments is not effective especially for millimeter-wave (mmWave)
frequencies due to propagation challenges. It is therefore,
necessary to deploy multiple reconfigurable intelligent sur-
faces (multi-RISs) and massive multiple-input multiple-output
(massive-MIMO) systems to circumvent the propagation chal-
lenges in such environments for effective communication.
However, deploying massive-MIMO multi-RIS system increases
the dimensionality of the channel, and using conventional channel
estimation (CE) methods for estimating this multi-RIS-assisted
channel is infeasible. In literature, machine learning (ML)-based
CE methods have been proven to yield more accurate CE results
for massive-MIMO RIS-assisted systems. Thus, in this paper, the
ML-based CE method called the denoising convolutional neural
network-gated recurrent unit (DnCNN-GRU) scheme is proposed
for estimating the uplink cascaded time-varying massive-MIMO
multi-RIS-assisted channel. The proposed scheme was then
benchmarked with other CE methods to prove its superiority.
It achieved a performance closer to the lower bound oracle
least square (LS) estimate with about 1 dB gap in terms of
the normalised mean squared error (NMSE).

Index Terms— Channel estimation, RIS, machine learning,
GRU, CNN.

I. INTRODUCTION

UE to its high frequencies,the millimeter-wave

(mmWave) band for wireless communication suffers
from propagation challenges like high path loss and
atmospheric absorption, reducing the effective communication
range between transceivers. As a solution to circumvent these
challenges, the reconfigurable intelligent surfaces (RISs)
and massive multiple-input multiple-output (massive-MIMO)
systems are implemented in mmWave wireless communication
environments [1]. An RIS is a reflective planar structure
consisting of programmable passive elements which can be
reconfigured dynamically to suit the wireless communication
environment [2]. Specifically, the programmable passive
elements of an RIS have the capability of changing the
reflection properties of an incident signal and thus, they can
control the incident signal towards desired directions. This
results in an improved signal coverage. In the case where
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the line-of-sight (LoS) between the transceivers is blocked,
an RIS can play a positive role by creating an alternative
pathway of the incident signals around the blockage.
In addition, massive-MIMO technology is the use of a very
large number of antenna arrays for the improvement of signal
energy and spectral efficiency. With massive-MIMO [3],
signal interference and fading can be mitigated. Furthermore,
massive-MIMO enables beamforming.

However, the acquisition of the channel state information
(CSI) by the process of channel estimation (CE) for massive-
MIMO RIS-assisted systems is not an easy task. Specifically,
deploying RISs in a MIMO communication system involves
multiple links/channels (i.e., channels between users and RIS,
and between RIS and base station (BS)) which significantly
increases the number of channel coefficients to estimate [2].
Furthermore, the RIS elements are typically passive in nature
(i.e., lack active radio frequency (RF) chains to directly
process signals at the RIS), requiring the CE process to be
done at the receiving terminal (i.e., at the BS or user). All these
increase the dimensionality of the wireless communication
channel and thus, conventional methods like least squares (LS)
and minimum mean square error (MMSE) are impractical for
estimating the RIS-assisted massive-MIMO channels. In [4],
an orthogonal matching pursuit (OMP)-based CE technique
was proposed for wideband RIS-assisted mmWave system.
By leveraging on the sparsity property of the uplink cas-
caded RIS-assisted channel, the adaptive block simultaneous
orthogonal matching pursuit (ABSOMP) algorithm which is
robust to the wideband effect was proposed. However, the
ABSOMP algorithm is highly sensitive to noise and does
not perform well in low signal-to-soise Ratio (SNR) environ-
ments, resulting in inaccurate channel estimates. Furthermore,
the ABSOMP algorithm’s complexity increases significantly
with the number of receiver’s/transmitter’s antennas and/or
RIS’s reflecting element. By exploiting the polar-domain
sparsity of the wideband RIS-assisted channel, the polar-
domain frequency-dependent block orthogonal least squares
(PF-BOLYS) algorithm was proposed in [5] for CE. However,
the core of the PF-BOLS algorithm is a least square (LS)
algorithm. Similarly, the LS-based RIS-assisted CE method
was proposed in [6]. These LS-based CE techniques cannot
optimally exploit the sparsity of the RIS-assisted channel,
leading to poor CE performance compared to, for example,
OMP-based algorithms which can better exploit the sparsity of
the RIS-assisted channels. In [7], a Bayesian framework called
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a generalized approximating message passing (GAMP) was
adopted and assumed Bernoulli-Gaussian (BG) distribution.
Thereafter, the conventional minimum mean squared error
(MMSE) estimator was used for cascaded RIS-assisted CE.
However, the MMSE estimator is computationally expensive
especially for large-scale RIS (i.e., with many reflecting ele-
ments) systems. Additionally, the MMSE estimator should
know the statistical information of the channel for accurate
estimates. This statistical information is challenging to obtain
in RIS-assisted channels.

In [8], [9], [10], and [11], efforts were made to minimise
pilot overhead for RIS-assisted CE. For this purpose, the
two-timescale CE scheme was proposed for the reduction
of overall pilot overhead. That is, since the BS and the
RIS are relatively static than the user equipment (UE), the
coherence time of the RIS-BS channel is assumed to be longer
than the UE-RIS channel. Therefore, the RIS-BS channel can
be estimated only once during the large-timescale. In [8]
and [9], the UE-RIS channels were then estimated using
the conventional LS-based algorithm. However, if the UE-
RIS channel becomes highly dynamic, the LS-based schemes
in [8] and [9] will significantly deteriorate. In [10], CE is
performed by sequentially transmitting sensing signals for
each RIS element at a time. As a consequence, this method is
computationally expensive. In [11], a linear minimum mean
square error (LMMSE) estimator was proposed to estimate
both the UE-RIS and RIS-BS channels. However, the LMMSE
estimator is impractical for real-time large scale RIS assisted
channel scenarios due to its computational cost.

On the other hand, machine learning (ML) techniques have
been used for effectively estimating the single and double
RIS-assisted massive-MIMO channels and they are promising
techniques for multi-RIS-assisted CE. In [12], a gradient-
descent-based deep-iterative-unrolling network (GD-Net) was
proposed to estimate the simultaneously transmitting and
reflecting RIS (STAR-RIS) assisted channel. Unlike the stan-
dard RIS which is fully passive in nature, the STAR-RIS
can transmit and reflect signals. However, the STAR-RIS is
more expensive since it requires more radio frequency (RF)
chains for transmission than the standard RIS. In [13] and [14],
deep learning based algorithms named the convolutional neu-
ral network based on super-resolution convolutional neural
network (SRCNN) and joint CE and CSI feedback Network
(JDCNet) for RIS-assisted channels were proposed respec-
tively. However, these schemes require high pilot overhead
since the UE-RIS and RIS-BS channels were iteratively esti-
mated together during a single timescale.

In [15], the ML approach was used to estimate the
RIS-assisted channel using the autoencoder. The neural
network of the autoencoder was pruned by cutting off
the insignificant neurons using the average percentage of
zeros(APoZ) metric. However, the pruning of the autoencoder
increases the complexity of the CE algorithm and it will be
significant in high dimensional CE problems like in multi-
RIS-assisted systems. Conversely, in [16], the convolutional
neural network (CNN) was proposed for RIS-assisted massive-
MIMO CE in both frequency-flat and frequency-selective
channels to reduce the pilot overhead and complexity of the
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wireless system. The CNN architecture was used to estimated
both the channel between UEs and RIS (i.e., the UEs-RIS
channel), and between RIS and the BS. However, the UEs
were assumed to be static. For mobile UEs, the performance
of the proposed denoising CNN (DnCNN) architecture will
deteriorate for the UEs-RIS CE as it was not optimally
designed for fast time-varying data. In [17], the ML-based
algorithm called the global attention residual network (GARN)
was used to estimate the uplink RIS-assisted channel in
the outdoor and indoor scenarios with the aim of reducing
system’s complexity and pilot overhead. The GARN fuses the
multi-channel information in order to improve the channel
estimation accuracy. Compared to the enhanced deep super-
resolution (EDSR) algorithm [18], the GARN performs better
in both indoor and outdoor scenarios in terms of normalized
mean squared error (NMSE) especially in high SNR scenar-
ios. However, the GARN uses the estimated channel by the
conventional LS algorithm as an input which affects the CE
accuracy. This LS-based CE will significantly deteriorate for
high dimensionality multi-RIS-assisted channel as it does not
perform well in non linear data. In [19], [20], and [21], the long
short-term memory (LSTM) deep learning based network was
used to estimate the RIS-assisted channels. However, in [19],
the LSTM was concatenate with the CNN for the complete
cascaded CE. The CNN-LSTM can be further improved for
accurate CE and system’s complexity since the effort was not
done to utilise latest normalisation and regularisation methods
like batch normalisation (BN) to optimise the CNN-LSTM
architecture. The lack of these regularisation methods for the
CNN-LSTM for CE results in slower convergence especially
in high dimensionality scenarios like in multi-RIS-assisted
channels. In [20], the bidirectional-LSTM (Bi-LSTM) was
used to estimate the downlink channel. This method used high
pilot overhead. Conversely, the LSTM was used to estimate
the uplink RIS-assisted channel only between the UEs to the
RIS in [21]. However, the method of active-RIS-elements was
implemented which requires addition power to activate the RIS
elements. Additionally, this method requires extra RF chain
which makes the system more costly than a complete passive
RIS elements method. Consequently, for multi-RIS-assisted
system, even more RF chains will be required, making the
system even more costly.

The time-varying channel aspect further adds up to the
complexity of the RIS-assisted systems. Therefore, an extra
consideration should be done for time-varying RIS-assisted
systems. In [22] and [23], a single input single output (SISO)
RIS-assisted downlink system was considered with a high
mobility UE. Therefore, the MMSE-based interpolation was
proposed for CE which can fairly estimate the time-varying
cascaded channel. However, the MMSE method can only
perform good in moderate time-varying RIS-assisted chan-
nels. In [24], a fast time-varying RIS-assisted multiple-user
multiple-input single-output (MU-MISO) channel was consid-
ered and the two-timescale property was adopted. The channel
between the BS and RIS was estimated utilising one specific
full-duplex antenna (FDA) with the assumption of channel’s
reciprocity. Thereafter, the channel between the UEs and the
RIS was estimated using a deep neural network. However, this
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method will not be feasible in cases where the BS-RIS channel
is not reciprocal.

Nevertheless, the CE methods in [4], [5], [6], [7], [8],
(91, [101, [111, [12], [13], [14], [15], [16], [17], [18], [19],
[20], [21], [22], [23], and [24] were implemented in a single-
RIS-assisted wireless communication system which is only
suitable in the environments where there is low obscurity.
Recently, the use of multiple RISs in a communication system
has been explored to improve efficiency. In [25] and [26],
the stacked intelligent metasurfaces (SIM) technology
has been implemented to enhance better MIMO systems’
performance, resulting in a variant of MIMO system called
the holographic MIMO (HMIMO). In this case, a pair of
stacked multiple RISs are deployed at the transmitter and
receiver respectively [27]. This setup constructs multiple
parallel subchannels, enabling the data streams to be directly
radiated from the transmit and recovered at the receiver
without imposing any interference [28].

The multi-RIS systems in [25] and [26] focuses on LoS
scenarios. That is, the RISs are not utilised to circumvent
blockages. In high obscurity environments like in urban
areas where there are many buildings, trees and crowded,
the methods in [4], [5], [6], [7], [8], [9], [10], [11], [12],
(131, [14], [15], [16], [17], [18], [19], [20], [21], [22],
[23], [24], [25], and [26] will not be practical. Therefore,
there is a need for the implementation of multiple RISs in
such environments to deal with high obscurity for effective
wireless communication where there is no LoS. Conse-
quently, there is a need for robust CE methods in such
cases.

In [29], it was shown that the wireless communication sys-
tem’s performance can be significantly improved by increasing
the number of RISs (consequently increasing the number of
RIS elements). Inspired by this, the Two-Timescale (large and
small-timescale) scheme was proposed in [30] to estimate the
double-RIS-assisted uplink channel using the singular value
decomposition multiple measurement vector-based compres-
sive sensing (SVD-MMV- CS) framework. Both RISs were
assumed to be active-type and to limit hardware cost, one
RF chain was connected to all RIS elements as opposed to
committing one RF chain per RIS element. However, the UEs
were assumed to be in LoS with both the RISs, and the
UEs-RISs channels were assumed to be known. Therefore,
the task was to estimate the channel between the RISs and the
channel between the BS and the second RIS, taking advantage
of the known UEs-RISs channels, which simplified the CE of
the UE-RIS channels as in single-RIS scenarios. When there is
no LoS between the UEs and both RISs, and all the channels
were unknown, the proposed method will be more complex
and the proposed CE scheme will not be feasible. Similar
to [30], a double-RIS-assisted CE scheme was proposed
in [31]. The CE was performed using the skip-connection
(SC) based CNN. This scheme was proposed for stationary
UEs and may not perform well for mobile UEs. In [32], the
parallel factor analysis (PARAFAC) decomposition model was
used to represent the received signal in a double-RIS-assisted
channel and then the conventional alternating least squares
(ALS) algorithm was used to estimate the channel. However,
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the ALS method has a slow convergence rate for large datasets
and therefore, it will deteriorate for larger RISs.

This paper is motivated by firstly, the necessity for multi-
RIS-assisted systems in urban areas to serve as an alternative
pathway around multiple blockages between a transmitter
and a receiver. The benefits of multi-RIS-assisted systems
in such high obscurity environments were investigated and
discussed in [29]. Mainly, it was found that increasing the
number of RISs and/or number of RIS elements improves both
the ergodic capacity and outage probability. Secondly, as a
consequence of implementing a multi-RIS-assisted massive-
MIMO system, the dimensionality of the channel between a
transmitter and a receiver significantly increases and thus, con-
ventional CE schemes (i.e., CE schemes based on LS,MMSE,
OMP, etc.) proposed as in [4], [5], [6], [7], [8], [9], [10],
and [11] and [22], [23], [24] will be impractical due to
their inability to handle highly non-linear data. Conversely,
ML-based techniques are promising solutions for multi-RIS-
assisted massive-MIMO CE. However due to the discussed
downsides, ML-based schemes proposed as in [12], [13],
[14], [15], [16], [17], [18], [19], [20], and [21] are also
impractical. Therefore, in this paper, a robust data-driven based
CE scheme is proposed for the multi-RIS-assisted mmWave
massive-MIMO OFDM system. The main contributions of this
paper are as follows:

o Firstly, a generic mmWave massive-MIMO multi-RIS-
assisted system model of K RISs is formulated based
on the Saleh-Valenzuela (SV) geometric channel model.
Assuming that the base station (BS) and all the RISs
are at fixed positions, and the UEs are mobile, the
two-timescale channel model is adopted as in [30]. That
is, since the all RISs and the BS are assumed to be
static, then the uplink cascaded channel from the first
RIS all the way to the BS is assumed to be quasi-static.
Therefore, this quasi-static cascaded channel is estimated
only once during a large-timescale coherence time. The
uplink channel between the UEs and the first RIS is
thereafter estimated during a small-timescale coherence
time. This is for the purpose of significantly reducing the
pilot overhead.

e One of the major setbacks of dealing with multi-RIS-
assisted channels is the multiple channels which are
difficult to be estimated individually. In this paper, the
RIS reflecting coefficients matrices are formulated as a
combined reflecting coefficients matrix of the cascaded
channel from UEs to the BS, which simplifies the prob-
lem. This is achieved by assuming that the number of
RIS elements for all RISs are equal.

o Thereafter, ML-based techniques are proposed for esti-
mating the multi-RIS-assisted cascaded channels from
the mobile UEs to the BS. Since the uplink channels
from the first RIS to the BS are assumed to be quasi-
static, the DnCNN is proposed for estimating these
quasi-static channels. The BN is incorporated in the
proposed DnCNN for fast learning. Due to the mobility
of the UEs, the channel from the UEs to the first RIS
is consequently time-varying and therefore, the gated
recurrent unit (GRU) architecture is proposed for CE
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in this case. To prevent overfitting, the neural dropout
is incorporated within every GRU. Furthermore, instead
of just learning directly from the DnCNN/GRU outputs
as in conventional DnCNN/GRU schemes, the proposed
DnCNN-GRU scheme learns the residual for faster and
more accurate estimates.

o Finally, comparative performance of the proposed CE
via computer simulations is documented. Although the
simulation results that are provided are for the double-
RIS-assisted scheme, the discussion is provided about
how the proposed ML-based CE scheme generalises for
a wireless system with K RISs. The double-RIS-assisted
ML-based scheme was benchmarked with various double-
RIS-assisted CE schemes.

Paper layout: In Section 1II, the system model and problem
formulation for the generic multi-RIS-assisted channel are
discussed. Thereafter, in Section III, the ML-based channel
estimation scheme is presented. Here, a well detailed expla-
nation of the internal processes of the proposed CE scheme is
provided using illustrative diagrams. Section IV presents the
simulation results of the convergence of the proposed ML-
based scheme. Furthermore, the performance of the proposed
CE scheme is benchmarked against previously proposed CNN
with skip-connection (CNN-SC [31], conventional linear min-
imum mean square error (LMMSE) channel estimator [31],
and the oracle LS in literature. Finally, Section V concludes
the paper.

Notation: The matrices and vectors are represented by the
upper case bold and lower case bold letters respectively,
while the || - ||2 and || - || are the Ly and Frobenius norms
respectively. The Ix, (-)7 and (-)¥ are the X x X identity
matrix, transpose and Hermitian, respectively. The diag(x)
produces a diagonal matrix with the elements of x on the main
diagonal; vec (X) denotes the vectorisation of a matrix X;
C**¥ represents the space of x x y complex-valued matrices;
the ® and ® denote the Kronecker and Hadamard product
respectively.

II. SYSTEM MODEL AND PROBLEM FORMULATION

In this section, a generic multi-RIS-assisted system model of
multiple RISs is firstly formulated and thereafter, the problem
formulation is provided. TABLE I shows all major symbols
used in this paper.

A. A Generic System Model of K RISs

Consider a wideband multi-RIS-assisted mmWave
massive-MIMO OFDM wireless communication system
consisting of a BS, N single-antenna UEs and K RISs
(i.e., RIS1,RIS,, ..., RISK) as shown in Fig. 1. The BS is
equipped with M = M, x M, uniform planar array (UPA)
of antenna elements while RISy has P, number of reflecting
elements where k € {1,2,..., K}. All the RISs and the BS
are located at fixed positions while the UEs are mobile, and
all elements on the BS and the RISs are assumed to have d,
spacing between them. It is further assumed that the distances
between the RISs are very larger than d. and all the channels
are frequency-selective. In this paper, the CE is performed for
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TABLE I
SYMBOLS AND THEIR DEFINATIONS

wn

Defination

A complex dictionary matrices.

A steering vector.

The sparse matrix associated with the cascaded channel for
the n-th UE.

The uplink channel between the UEs and the first RIS.
The uplink channel between the last RIS and the BS.
The total number of RISs.

The k-th RIS.

The total number of BS antennas.

The total number of UEs.

The n-th UE.

The total number of subcarriers.

The ngc-th subcarrier.

The total number of reflecting elements of the k-th RIS.
The total number of time slots.

The g¢-th time slot.

The j-th uplink channel between two adjacent RISs.

The combined reflecting coefficient matrix of all RISs for
the n-th UE

The uplink cascaded channel between the n-th UE and the
BS.

The BS’s AWGN of the n-th UE at the g-th time slot.
The BS received signal of the n-th UE at the g-th time
slot.

ymbol

>o

SORFZIEETRIQ

o~
3&\.

<
3

Wn,q
Yn,q

Base Station (BS)

User Equipments (UEs)

Fig. 1. A generic system model of K RISs.

the uplink channels where the direct LoS between the UEs
and the BS is blocked. Moreover, the UEs can only send data
through RIS; and the data can only be received by the BS
through the K-th RIS. This wireless environment is assumed
to have high obscurity due to many buildings and foliage and
therefore, the k-th RIS is assumed to be in LoS with only
two RISs adjecent to it (i.e., the k-th RIS can only receives
and reflects signals from the (k — 1)-th RIS to the (k 4 1)-th
RIS respectively).

Suppose that the OFDM block of the system has B trans-
mission bandwidth and N,. subcarriers with d,. = N%C as
the subcarrier spacing. Furthermore, the Cyclic Prefix (CP)
is assumed to be long enough to overcome the discontinuity
between the received signals that may happen due to the
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multi-path signal delays. Let g,, € C™*! and H,, € CM*Px
be the channel from the n-th UE to the RIS and the channel
of the n-th UE from the RISk to the BS respectively,
where n € {1,2,..., N}, and the channels of the n-th user
between adjacent RISs from RIS; to RISk be {R;, €
CPxP1 Ry, € CP*P2 Ry, € CPxxPr-1} where
Ry, is the channel of the n-th user between the (k)-th and
the (k + 1)-th RISs. Since the users share the H,, and R.. ,,
channels, the subscript n can be omitted.

Let Lg,, be the number of paths between the UFE,, and
RISy, and 7;, be the time delay of the [,-th path from
the UE,, to RIS, where I, € {1,2,...,Lg,,}. Therefore,
by Saleh-Valenzuela (SV) geometric channel model [16], the
d-th time domain delay tap of the channel g, at the ng.-th
subcarrier can be represented by

Lgn

) =g Z A, Pre (dTS - Tlg)

ly=1

ar (19;“,3151’ lTR131> J
g

gd,n(nsc

"f”coselgdn? (1)

MNsc

where the time domain delay tap length is equal to Dg where
de{0,1,...,Dg—1},ns. € {1,2,...,Ngc} and G = E
The oy,, Ts and 7, are the complex gain of the [,-th path,
sampling period and the delay respectively; the v,, fsc, €
and 0, are the speed of the n-th user, subcarrier frequency,
speed of light and the angle between the incident direction of
the subcarrier frequency and the movement direction of UE
for the Iy-th path respectively. Lastly, p,.(7) accounts for a
low pass filtering and a filter incorporating the pulse-shaping
effects evaluated at 7. The parameter aj, (-,-) is a steering
vector. This channel experiences time-selective fading due to
UE mobility.

Similarly, the d-th time domain delay tap of channel R;
(i.e., the channel between the k-th and (k4 1)-th RISs) at the
nsc-th subcarrier, where j € {1,2,..., K — 1} is given by

Lr;
Rd,j (nsc) = RR,- aR]_p'r'c (dTb - TlR.)
J le,;l ZRJ J
r ( rRIle’wr RISHI) at

MNsc MNsc

H I I
a (ﬁfRR S’“ﬂ/)t - Sk)
J

2

where Ly, aﬁ and 7 R, are the number of paths, complex
gain of the g, -th path and time delay between the k-th and

(k+1)-th RISs respectively; D, is the time domain tap length

of the R;-th channel where d € {0,1,...,Dg, — 1}, g, €
{1,2,...,Lg,} and Rp, = Pk;i}jpk

Furthermore, the d-th time domain delay tap of the channel
between the last RIS ( i.e., RISk) and the BS is denoted
by

Ly
Hd(nsc) =H Z Qg Pre (de - TZH)
lg=1
S Ot L R B

3)
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In this case, Dy, Ly, oy, and 7, are the time domain
tap length, number of paths, complex gain of the /g-th path
and time delay between RISk and the BS respectively, d €
{0,1,...,Du—1},1g €{1,2,..., Ly} and H =,/ MxPxc.
In (1), (2) and (3), aflsc (,-) and aj, (-,-) are the nor-
malised UPA steering complex column vectors of length
equivalent to the number of antenna/reflecting elements
of the transmitting/reflecting and receiving nodes of the
ns.-th subcarrier respectively, and aflscH (+,-) is the Hermitian
transpose of the vector af, (-,); 19f and 1/}; are the azimuth
and elevation angles of the transmitting/reflecting node of the
l;-th path respectively, where ¢ is the channel in subject; 19Z
and wf are the arrived azimuth and elevation angles of the
receiving node of the [;-th path respectively.

Generally, the UPA steering complex column vector is given
by

1 _idex (W) _dey (¥) n
3(1971/)) — e TRg T MUPAr @ oI T BUPAy
VNupa
4)
where Nypa = Nypa, x Nypa, and A. are the

number of UPA elements and wavelength of the carrier
respectively; nypa, € {0,1,...,Nypa, — 1}, nypa, €
{0,1,...,Nypa, — 1}, de, (9,%) = 2mdcsin(¥)cos(vp) and
de, () = 2nd.sin(v), where the element of spacing is given
as d. = Ag./2. Furthermore, the complex gains (i.e., ay,, alRRj_
and oy, ) in (1), (2) and (3) are modelled as oy, = |y, |ej¢lz‘],
where ¢;, is the phase of the /;-th path of the i-th channel
and |ay,| € (0,1] is the amplitude of the /;-th path of the i-th
channel.

B. Problem Formulation for the Generic System Model
of K RISs

Assuming that all the RISs have equal number of reflecting
elements (i.e., P, = P,... = Pg = P), let the d-th time-
domain delay tap of the cascaded channel between the U FE),
and BS be V4, € CM*F1, That is,

Vd,n - Hd,n (nsc) H Rd,j (nSC)
k=2,... K
X diag(gd,n(nse))- 5)

Therefore, by discrete fourier transformation (DFT), the
frequency-domain cascaded channel of the ng.-th subcarrier
from UE,, to BS is given by

Zvdne samied, (6)

nSC
where

D = DaDy

[1

3=1.2,...,

Dg, | . (7
K-1

As in [30], the cascaded channel in (6) can be decomposed
by using the virtual channel representation. That is,

Vn,q[nsc] = ABSAn,q[nsc]Agjsl~ (8)
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The Aps and Aprs, in (8) represent the M x M and
P, x P; complex dictionary matrices of the BS’s angle
of arrival (AoA) and RIS:’s angle of departure (AoD)
respectively. The symbol A, [ns.] represents the M x P
sparse matrix, and its nonzero entries are the BS’s AoAs
and RIS{’s AoDs.

The received signal at the BS for the n-th user at the
g-th time slot where ¢ € {1,2,...,Q}, is given by

Yn,q[nsc] = Vn,q[nsc]Qn,an,q[nsc] + Wn,q[nsc]- 9

The ©,, 4 is the combined reflecting coefficients of all the
RISs at the g-th time slot for the n-th user given by

Ong= [ diag(®nqn), (10)
k=1,2,...K
where O, 01 = [Ongk1,0nqk2 - 0ngrp] is an

P x 1 reflecting vector for the n-th user at the g¢-th time
slot for the k-th RIS with 6, 4 1, representing the reflecting
coefficient for the n-th user at the p-th element of RI.S;, where
pe{l,2,...,P}.

The W, 4[nse] ~ CN(0,0%1y) and s, 4[nsc] in (9) are the
noise vector and transmitted symbol at g-th time slot of the
n-th UE respectively, where o2 is the noise power at
the ms.-th subcarrier and I, is an M x M identity matrix.

From (8), (9) can therefore be represented as

Yn,q[nsc] = lABSAn,q[nsc]JAI}_QIIS1 en,qsn,q [nsc]

+ Wi, g [Msc)- an

Moreover, (11) can be reduced to
5’",11[”80} = équn,q[nsc] + V~Vn,q[TLSC]a (12)
where ¥, [nsc] = ARgynglns € CY Wy glng] =

Agswn»q[nw] e CM*! and © = Ag]slgn,qsn,q[nw] €
CP*1 are the effective measurement, noise and sensing vectors
for the n,.-th subcarrier respectively.

III. THE TWO-TIMESCALE, SPARSITY PROPERTIES
OF THE CHANNEL AND THE PROPOSED
DNCNN-GRU ARCHITECTURE

In this section, the two time-scale and sparsity properties of
the channel based on the system model discussed in Section II
are pitched as adopted for the purpose of reducing the pilot
overhead. Thereafter, the proposed deep learning-based CE
architecture is presented.

A. The Two Time-Scale and Sparsity Properties of the
Channel

In an RIS-assisted wireless channel, significantly high pilot
overhead is required to estimate the channel due to huge num-
ber of channel coefficients to be estimated than in traditional
wireless communication systems without RISs. The mobility
of the transceivers further increases the pilot overhead [33].
As a result, the complexity and capacity of the system are
negatively affected. It is therefore important to make efforts
in reducing the pilot overheads in multi-RIS-assisted channels.

Since the proposed channel model in Section II inherits a
two-timescale channel property [30]; that is, all RISs along
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with the BS are located at fixed positions and only the UEs
are mobile, the two-timescale scheme is proposed here to sig-
nificantly reduce the pilot overhead of the multi-RIS-assisted
channel by taking advantage of the two-timescale channel
property. The proposed channel model is assumed to have two
coherence times Ty g and Trp which are the small-timescale
and large-timescale coherence times respectively. That is, since
channels {g, }"_, are fast time-varying due to the mobility
of the UEs, they are assumed to have a small-timescale
coherence time Ty g, and all the channels from RIS, to the BS
are assumed to be quasi-static and adopt the large-timescale
coherence time Trp due to the fixed positions of the RISs
and the BS.

The two-timescale channel estimation scheme can be exe-
cuted in two stages. In the first stage, the cascaded channel
A, [nse] is estimated to estimate the channel amplitudes of
the cascaded channel from RIS; to the BS since all the
UEs share the RIS:1-BS cascaded channel. This is done for
the large-timescale coherence time Trp, assuming that the
channel g, is also quasi-static. That is, since the estimation
of the channel g,, does not affect the estimation of the channels
from RIS, to the BS for the first stage, the channel g, can
be initialised to have constant channel coefficients and it will
not affect the estimation of the quasi-static channel RIS;-BS.
Thus, the channel g,, is assumed to be known and quasi-static
in this first stage. Therefore, the pilots are transmitted from
the UEs to the BS to estimate RIS{-B.S cascaded channel.
This process significantly reduces the pilot overhead compared
to the traditional channel estimation techniques because the
quasi-static cascaded channel will be estimated only once
during the large-timescale period.

In the second stage, the purpose is to estimate the
fast time-varying channels {g,})_;. Using the estimated
quasi-static channels from the first stage, the cascaded chan-
nel A, [ns.] is once more estimated but with the unknown
time-varying channel g,,. This process is performed during the
small-timescale channel stage for the small-timescale coher-
ence time Ty . The first stage solved the channel estimation
ambiguity in the second stage since only channel g, is
unknown, reducing the CE complexity. Thus, fewer pilots
are used for the estimation of the cascaded channel A, [n.]
than in traditional channel estimation schemes where both the
quasi-static and fast time-varying channels are estimated with
the same number of iterations.

The estimation of the uplink cascaded channel between the
UEs and the BS is possible mainly due to the channel sparsity.
The CE in this paper is performed by taking advantage of the
double-structured sparsity (adopted from [34]) of the proposed
multi-RIS-assisted channel as demonstrated by the channel
matrices in Fig. 2. The rows of A; , and A, in Fig. 2 rep-
resent the paths for the cascaded channel RIS;-BS while the
columns represent the paths for the time varying-channel g,.
Since all UEs completely share all the cascaded channel
RIS;-BS paths and some of the G paths [35], the sparse
channels {A, N, exhibit the double-structured sparsity.
This means that the cascaded channels of {UE,}\_, can
be jointly estimated taking advantage of the double-structured
sparsity property of the channels.
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Aj,q

Fig. 2. The double-structured sparsity of the cascaded channels for the UE;
and UE; for the g-th time slot.

B. The Proposed DnCNN-GRU Architecture

In this subsection, a deep-learning based algorithm is pro-
posed to estimate the cascaded channel from the UEs to the BS
through the multi-RISs. The proposed scheme in this section
is based on the DnCNN scheme proposed in [16] where
the double-structured DnCNN architecture was used for the
support detection in an uplink single-RIS-assisted channel.
First, since the UEs share quasi-static channel RIS-BS, the
DnCNN was dedicated for estimating the RIS-BS channel.
Furthermore, since the UEs do not share channel coefficients in
the UEs-RIS channel, the second DnCNN was then dedicated
to estimate the independent channels per UE taking advantage
of the partial sparsity of the UEs-RIS]. Basically, in [16], only
the DnCNN was used to estimate the cascaded channels from
the stationery UEs to the BS. However, if the UEs become
mobile, the proposed scheme will not perform well.

Therefore, in this paper, with the assumption that the UEs
are mobile and there are multiple RISs, the new multi-
RIS-assisted CE scheme is proposed, utilising the DnCNN
structure proposed in [16] accordingly. Unlike in [16], only a
single-structured DnCNN architecture is proposed where the
quasi-static cascaded channel from R1.S; all the way to the BS
is estimated using the DnCNN. To estimate the time-varying
channel between the UEs and the RIS;, the GRU scheme
is proposed instead of another DnCNN as in [16] due to its
robustness to fast time-varying channels.

Additionally, our proposed methodology allows the cas-
caded CE from RIS; to the BS without the stress of
estimating the uplink channels between the RIS; and the
BS individually. That is, the double-RIS-assisted CE of our
proposed scheme can be simply extended to multi-RIS-assisted
CE. This is possible by our assumption that the number of
RIS elements for all RISs are equal, unlike the double-RIS
schemes in [30] and [31] where the channels between the
RIS, and the BS are estimated individually. For example,
in [30] and [31], the double-RIS-assisted system was consid-
ered to estimate the channels between the UEs and RIS
(UEs-RIS7), between the RIS; and second RIS (RIS:-
RIS5), and between RIS5 and the base station (RIS-BS).
However, both works assumed that the UEs and the BS
are in LoS with all two RISs. In this case, to estimate the
UEs-RIS, channel, the RIS, is switched off and the pilots
are reflected through the active RIS; only. This basically
becomes the CE problem for a simpler single-RIS system.
Similarly, to estimate RI.S>-BS channel, RIS and RIS are
switched off and on respectively. Finally, it comes simpler to
estimate the RIS;-RIS; channel without the ambiguity of

5303

channels UEs-RIS; and RIS5-BS. This methodology cannot
be extended for scenarios with more than three RISs because
after the estimation of UEs-RIS; and RISk-BS channels,
there will still be more than two channels to be estimated
between RISs (i.e., channels RI1S:-RIS5, RIS,-RISs, ...,
RISK_1-RISK). The proposed architectures are explained
below.

1) The DnCNN Architecture for Estimating the Quasi-Static
Cascaded Channel: Since the received signal at the BS
is a noisy version of the transmitted signal, the CNN is
proposed to denoise the received signal for the recovery of
the transmitted signal. There are several reasons for using
the CNN for CE. First, the CNN is capable of reducing the
dimensions of the input data for processing. For instance, since
the multi-RIS assisted system has very high dimensions, the
CNN can detect smaller, meaningful features of the cascaded
A, for processing to reduce the complexity of CE [36]. This
capability of the CNN consequently improves the statistical
efficiency and reduces memory requirement of the system.
Furthermore, the CNNs have advanced regularisation functions
like rectified linear unit (ReLU), BN, and residual learning,
which significantly increase the speed of the training process
and improve the accuracy of denoising [37].

The proposed DnCNN architecture is shown in Fig. 3
and has L¢ convolutional layers with each layer comprising
of ¢, different D; , x D , x D;_. filters, where [, €
{1,2,...,L¢} is the [.-th convolutional layer; the D, ,,
Dy, , and D, . are the dimensions of the filters in the z,
y and z directions respectively [38]. The first layer (i.e., layer
l. = 1) is followed by the ReLU function while the succeeding
convolutional layers except the last layer are each followed
by both the BN and ReLU functions consecutively. The last
layer (i.e., the Lo -th layer) constructs the output signal of the
DnCNN by a single separate filter.

Since the users share the paths in the cascaded channel
between RIS and the BS, the DnCNN uses the M x 1 cor-
relation vector

Nsc

N
Cpr = Z ch[nsc]H

Nse=1n=1

13)

as an input for path detection of all the UEs, where ¢, [ns.] =
|sn?n[n56]| € CM g, = [sp1,802,--,8n0]" and
Y, [nse] € CE*M is the collection of the received effective
signals for () time slots of the m,.-th subcarrier. Since the
CNNss are constructed to specially process data that has a grid-
like topology [36], for the correlation vector c, to be used as
an input to the DnCNN, it must therefore be formulated as a
matrix C, € CMexMy.
C, = vec2math(c,, [My, M,]). (14)
However, as shown in Fig. 3, the output of the DnCNN is
the residual noise of the input. To find the vector associated
with the cascaded channel, the residual noise can be subtracted
from the input of the DnCNN as

g'f:CT_VVRNE(ClX]u (15)
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Conv + ReLU Conv + BN + ReLU Conv + BN + ReLU Conv + BN + ReLU Conv
- - N - ~N A ~ ——
C. L ee— l
64 filters 64 filters 64 filters 64 filters 1 filter
(3x3x1) (3 x3x64) (3 x3x64) (3x3x64) (3x3x064)

Cr A WRN

Fig. 3. The proposed DnCNN architecture.

where wry € C1*M is the residual noise vector and

Nge N K P

=2 2.0 D la

nse=1n=1k=1p=1

(16)

nSC

The vector g, contains all the accumulated cascaded channel
amplitudes coming from all the UEs. Similar to (5), the matrix
version of g, and wgry are denoted by G, and Wiy =
W(C,.) respectively. Generally, the DnCNN is learning a
mapping function F(C,.) = G, for the estimation of the clean
received signal from a noisy signal C,..

Therefore, the trainable parameter ®,, can be learned by a
loss function

6(©,) =

w)|E (A7)

I
2= > IW(C,.:0.) - (G- @
i=1
where {C,.;, G,;}]_, are the I training patch pairs.

In this DnCNN architecture, the BN and residual learning
benefit from each other. As proven in [37], the residual
learning without the BN performs drastically worser than the
residual learning with BN. In the case of residual learning
with BN, the BN improves the performance of the residual
learning of the CNN by alleviating the problem of internal
covariate shift. On the other hand, using BN in CNNs without
residual learning results in relatively poor performance than
the BN with residual learning. This is because the intensity of
the input and the convolutional feature have high correlation
with the neighbored ones and in each training mini-batch,
there is a dependency of the distribution of the layer inputs.
Incorporating the residual learning in this case produces a
Gaussian-like distributions of the inputs of each layer which
are less correlated.

2) The GRU Architecture for Estimating the Time-Varying
Channels {g,}N_,: Unlike in [16] where the DnCNN was
used again to estimate the {g,}_, channels, a GRU archi-
tecture is proposed as shown in Fig. 4a, where Lgpy is the
total number of GRU layers.

The GRU is a variant of the Recurrent Neural Network
(RNN) designed to mainly solve the vanishing gradient prob-
lem in RNNs. Unlike the DnCNN, the GRU architecture is

able to handle the {UE,, }_,-RIS; time-varying channels as

\IJ

G,

it is effective in capturing time series data dependencies [39].
Compared with the LSTM architecture which is also an RNN
variant, the GRU has fewer gates and consequently, it has
fewer parameters to learn and requires lesser memory [40].
Let I; € {1,2,..., L7} be the l;-th cascaded path between
RIS, and the BS where Lt is the total cascaded number
of paths between RIS; and the BS. To estimate the g,
channel amplitudes, the proposed GRU algorithm takes a
P x 1 correlation vector

Z |é Y”sc] QT(zt)| (18)

Nge=1

Cn,lt,q

as an input. This input depends on the vector g, detected by
the DnCNN where €2, is a set containing the nonzero entries
of g,. Within Q,, Qr(lt) is the amplitude of the I;-th path.
The output of the GRU algorithm is the residual noise vector
Wi1,.q € CP*1 where the vector corresponding to the channel
amplitudes of the channel g, is given by

8n,li,q
NSC
— — . Px1
= Cndog = Wnloa = O |Bnglnse. g, € CT
Nge=1

19)

The learnable parameters of the GRU are learned through
the loss function

IEH)

I
1
= 52 > W (Cnts i ©n)
=1

where {Cp 1,.4.i>&n.l,.q.i}_; are the I training patch pairs.
The internal structure of a single GRU is shown in Fig. 4b.
Unlike the LSTM cell which has the forget, input and output
gates, the GRU cell has only two gates which are the update
and reset gates. The GRU’s update gate is the combination
of the LSTM’s forget and input gates [41]. This combination
significantly reduces the computational requirements of the
GRU. In Fig. 4b, the update gate is represented by z, and it
is responsible for regulating the amount of information that

(cmltﬂm - gn,l,,,q,i)H% (20)
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Fig. 4. The proposed GRU architecture: (a) The overall GRU architecture. (b) The internal structure of a single GRU.

can be stored between the current GRU cell and the previous
GRU cells. On the other hand, the reset gate 7, regulates the
amount of information of the previous GRU cells that should
be ignored.

The output of the GRU cell is represented by

Wnlyqp = (1= 2p) © Wn,ly,q,(p—1) T (2p © Wnty,q,p)s (21)
W, 1y,q,p = tanh(owen,i,,q,p + Uw(rp © wnyltyqy(pfl))

+ by). (22)

Furthermore, the update and reset gates are computed as

Zp = \Ij(gzcn,lt,q,p + Uzwn,lt,q,(p—l) + bz) (23)
and

Tp = \I/(Qrcn,lt,q,p + U’!‘wn,lt,q,(pfl) + b'r) (24)
respectively. In (22), (23) and (24), the symbols

Ows 0z, Or, U, U, Uy, by, b, and b, are learnable parameters
by the loss function in (20).

Algorithm 1 shows the complete CE process for the pro-
posed scheme. In the initialisation stage, the Y, [nsc] data is
generated by (12) for all ¢’s, and specifying the number of
paths per channel. Line 3 to 9 is the procedure for training
the DnCNN algorithm. The final output is the estimation Q,.
Line 10 to 14 shows how the GRU algorithm is trained to
produce the estimation lehq, which is the set of nonzero
entries of gy, ;, 4. Finally, the estimated cascaded channel is
reconstructed from line 15 to 27 with respect to 2, and Qn,l vd

V(TL, Nsc, q)'

IV. SIMULATION RESULTS

In this section, the process of data generation for training the
proposed DnCNN-GRU algorithm is explained. Furthermore,
the simulation results of the proposed algorithm are presented.
Finally, the comparison between the proposed DnCNN-GRU

Algorithm 1 The Proposed DnCNN-GRU

1: Initialisation: Y., [n.c] V(nsc, n), On g ¥(n,q), La, L,
Lr; Y(Rj), Qs Qi q V(03 105e, G, 1)

: An,q[nsc} — OJVIXP v(nsm n, Q)

: procedure ESTIMATE €,

: Gy «— vec2math(c,, [My, My)).

Online
G, C.
DnCNN

: g — vee(Gy)
: Q, — INDEXSORTDESCEND (g,., L)
: Return Qr
9: end procedure
10: procedure ESTIMATE Q,, ;, 4
11: 6 Online
8n,li,q ¢ GRU
12: Q4,4 «— INDEXSORTDESCEND (§,.1,.4, Lc)
13: Return Qn)lhq
14: end procedure
15: procedure RECONSTRUCT THE CASCADED
CHANNEL V., ,[1.]

Cn,lt,q

16: forg=1:Q do

17: forn=1:N do

18: for n,. = 1: N, do

19: forljzlzLT do

20: Amq[”sc](ﬁr,fz",,t,q)

21: eAnd for A

22: Vi glnse] = ABsAn,q[nSC]Aglsl
23: end for

24. end for

25: end for

26: return Vn,q[nsc] V(n,nse, q)
27: end procedure

algorithm and other state-of-the-art channel estimators is per-
formed. For every simulation result, the following are the
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User Grid 2

Fig. 5.

parameters values settings, N = 16, K = 2, M = 64,

P =256, Ng. = 2048 and B = 500 MHz.

A. Simulation Scenario and Training Data Generation

In this paper, the DeepMIMO dataset [42] is utilised for
training the proposed algorithms. The dataset is specially
generated for training the machine learning based algorithms
in mmWave massive-MIMO scenarios, thereby reducing the
effort of generating large dataset for training the proposed
machine learning algorithms. To emulate the proposed system
model in Section II, the outdoor scenario in [42] called
the “O1_60" scenario is adopted as shown in Fig. 5a.
It is a top view of a two-intersected-street outdoor scenario
with 18 BSs (i.e., BS1 to BS18), buildings of various heights
and 1,184,923 UEs distributed in rows (R1 to R5203) in
an urban area operating at 60GHz. The white rectangles and
squares in Fig. 5 represent the top view of buildings, and the
numbers (i.e., 14m, 22m, etc.) inside them are their heights.

However, in this paper, the simulation results are generated
for a double-RIS-assisted channel scenario as an example for
the multi-RIS-assisted channels and therefore, only 16 UEs, 2
RISs and 1 BS are considered in Fig. 5a. The two RISs and
the BS are indicated with red and yellow bars respectively
in Fig. 5b. The n-th UE is indicated with a yellow star and
it is assumed that all the 16 UEs’ initial positions are in
row 1000 (i.e., R1000) and they move parallel in the negative
y-axis direction with different velocities. To communicate with
the BS, all the UEs transmit information through R1S; and
RISs since it is clear from Fig. 5b that there is no LoS
between the UEs and the BS. Similarly, the UEs can only
communicate with RIS5 through RIS;.

The training data is therefore generated using the Wireless
InSite ray-tracing simulator [42]. For training and validation
of the proposed algorithms, 20 000 input-output dataset pairs
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User Grid 1

n-th UE|

BS

RIS 2|
18m 30m 26m

User Grid 2

Simulation scenarios: (a) DeepMIMO “O1” scenario [24]. (b) The Double-RIS-assisted channel scenario.

were generated, where the training and validation datasets
are 70% and 30% of the total generated dataset respectively.
Similar procedure can be followed to generate training data
for triple-RIS-assisted channel scenario and above.

B. DnCNN Convergence

In this subsection, the convergence of the proposed DnCNN
channel estimator is investigated in terms of the learning
rates and the number of convolutional layers that are required
to accurately estimate the cascaded channel RIS:-RIS5-BS
for the double-RIS-assisted channel in Fig. 5b. To identify
the best learning rate for the proposed DnCNN, the loss
function progression versus the number of training iterations
is investigated, keeping the number of convolutional layers
constant (Lo = 3). Once the best learning rate is identified,
it is chosen and thereafter, the number of convolutional layers
of the DnCNN is investigated which provide the optimal
performance for the chosen learning rate.

Fig. 6 shows the convergence of the proposed DnCNN
algorithm in terms of various learning rates and it is evi-
dent that the proposed DnCNN algorithm with 1 x 1076
learning rate converges faster than the lower learning
rates. Therefore, the 1 x 10~° learning rate is chosen
to train the DnCNN for double-RIS-assisted system. The
higher learning rates than 1 x 1076 are not considered in
this case because they produce very high losses. For the
1 x 1079 learning rate, the convergence of the proposed
DnCNN algorithm is then investigated in terms of the number
of convolutional layers, and the DnCNN with Lo = 3 is
observed to converge faster and achieves lowest loss compared
to DnCNNs with higher number of layers as shown in Fig. 7.
Therefore, the DnCNN with Lo = 3 trained with a learning
rate of 1 x 1075 achieves the best CE for double-RIS-assisted
channel. To prevent overfitting, the training of the DnCNN
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Fig. 6. The proposed DnCNN convergence in terms of training loss versus
number of training iterations for various learning rates.
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Fig. 7. The proposed DnCNN convergence (for 1 x 10~ learning rate ) in
terms of training loss versus number of training iterations for various number
of convolutional layers.

was terminated when the validation loss could not improve
for 10 consecutive training iterations. For this, the training
was terminated at the 100-th epoch for the training patch size
of 256.

The optimisation of the proposed DnCNN scheme for triple-
RIS-assisted channel and above follows the same procedure,
where the learning rates and the number of layers are investi-
gated for the optimal DnCNN.

C. GRU Convergence

Similar to the investigation of the proposed DnCNN conver-
gence, the convergence of the proposed GRU is investigated.
For that purpose, the 1 x 10~2 learning rates is chosen to train
the GRUs of various layers. Fig. 8 shows that the GRU scheme
for double-RIS-assisted channel with Lgry = 6 converges
faster and achieves the lowest loss. The GRU schemes with
Lgry > 6 produce unstable losses. This procedure can be
applied also for triple-RIS-assisted channel and above to deter-
mine the optimal number of GRU layers. The convergence rate
of the proposed GRU scheme depends largely on the number
of UEs than the number of RISs deployed in the environment
since the ambiguity of the quasi-static channels (i.e., H and
{Ry}5_ ) was eliminated by the DnCNN estimation.

D. The NMSE Comparison and Complexity Analysis

In this section, the benchmark is provided in terms of the
NMSE metric for various Signal to Noise Ratios (SNRs) to
show the superiority of the proposed DnCNN-GRU scheme.
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Fig. 8. The proposed GRU convergence (for 1 x 10™3 learning rate ) in
terms of training loss versus number of training iterations for various number
of GRU layers.

The following benchmark CE schemes are compared with the
proposed DnCNN-GRU scheme:

¢ CNN-SC [31]: The CNN-SC algorithm takes the LS
channel estimate as preamble and formulates the CE as a
denoising problem. It consists of 6 convolutional layers.
The first convolutional layer has 128 filters of size 3 x 3.
Each convolutional layer from the second to the fifth
consists of the self-attention layer. To produce an output
of the CNN-SC, the last convolutional layer takes the sum
of the output of the first convolutional layer and the output
of the fifth convolutional layer. All the convolutional
layers have 128 filters of size 3 x 3 except the last
convolutional layer which has 256 filters of size 3 x 3.

e Oracle LS: This provides the lowest bound of CE.
It estimates the channel by assuming that the supports
are perfectly known [35]. The Oracle LS in this case is
used as a benchmark to see how far is the estimation of
the proposed algorithm to the lowest possible estimate.

« LMMSE channel estimator: This LMMSE estimator
is as derived in [31]. Although the LMMSE estimator
was compared with the CNN-SC in [31], the LMMSE
estimator in this paper is simulated for larger number of
RIS elements (i.e., P = 256) and mobile UEs as opposed
to 32 RIS elements and stationary UEs.

The NMSE is realised by

N Nse ¥ 2
1 = Vn Nsc| — Vn Nsc
wise = L 35 D Vol ~Valnallf
n=1 Zn:::l an[nscmF

which is averaged over many realisations per algorithm for
fair comparison. The NMSE performance is investigated for
different SNR levels from —10 dB to 15 dB as shown in Fig. 9.
The proposed DnCNN-GRU performs better than both the
CNN-SC and LMMSE in terms of NMSE as shown in Fig. 9,
and its performance is about 1 dB lower than the Oracle LS.
This proves the superiority of the proposed algorithm.
Unlike the CNN-SC, the proposed DnCNN-GRU learns the
residual mapping than the original unreferenced mapping [37].
The residual learning advantages the DnCNN-CNN largely
over the CNN-SC since it is easier to learn the residual
mapping, resulting with more accurate CE. Furthermore, the
GRUs can handle the time-varying channel than the CNN-SC
scheme. Additionally, in the training process, the BN of the
DnCNN-GRU improves the CE performance by changing the
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Fig. 9. NMSE with respect to SNR.

internal distribution of the training data, resulting in a faster
and stable training.

The NMSE performance of the conventional LMMSE
is worse than both the proposed DnCNN-GRU and CNN-
SC mainly because the LMMSE finds it hard to learn the
non-linear mapping of the double-RIS-assisted channel. It can
only perform better if the spatial features of a channel are
linear. This proves the inferiority of conventional methods in
estimating the high dimensional RIS-assisted channels.

The overall online complexity of the proposed
DnCNN-GRU scheme can be analysed from Algorithm 1.
For the estimation of €2, from line 3 to 8, the complexity
cost is of order O(N N, M Q) for computing the correlation
matrix C,. The DnCNN processes the correlation matrix
C, to produce the estimation CA-‘W. For the DnCNN with Lo
number of convolutional layers, the complexity cost order is
given by

Lc
@ Zch,xch,ych,zCchQ

l.=1

For the estimation Qn,lt,q’ the computational complexity cost
order of the GRU scheme from line 10 to 13 of Algorithm 1 is
given by O (2PQ?L¢ru) , and the complexity of line 16 to 26
is given by O(NN,.(LrM + L P)) for the g-th time slot.
Finally, the overall computational complexity of
Algorithm 1 is given by O(2PQ*Lgry + NNyo(LTM +
LaP+MQ) + 7%, Dy, oDy, Dy, 201, MQ).

V. FUTURE WORK AND CONCLUSION

In this paper, the DnCNN-GRU is proposed to estimate the
multi-RIS-assisted channel in a dynamic environment. Taking
advantage of the two-timescale and double-structured spar-
sity properties of the multi-RIS-assisted channel, the uplink
cascaded channel from the first RIS to the BS is estimated
using the DnCNN in the first stage. The BN and residual
learning of the DnCNN significantly increased both the speed
of the DnCNN training process and the CE accuracy. In the
second stage, the GRU scheme with its ability to capture time
series data dependencies is used to estimate the time-varying
uplink channel between the UEs and the first RIS. Finally,
a benchmark of the proposed DnCNN-GRU scheme with

IEEE TRANSACTIONS ON WIRELESS COMMUNICATIONS, VOL. 24, NO. 6, JUNE 2025

the CNN-SC, LMMSE and Oracle LS is provided, and the
proposed scheme achieved a performance of about 1 dB
lower than the lower bound scheme ( i.e., lower than the
oracle LS). The results showed the superiority of the proposed
scheme.

This work can be extended by investigating how the number
of UEs, number of RIS elements and the machine-learning
parameters like dropout rates of the GRU and the size the batch
(how the BN of the DnCNN performs for various batch sizes)
can affect the accuracy of the proposed scheme. Furthermore,
it will be interesting to investigate the CE performance for the
proposed scheme in a SIM-aided system.
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