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ABSTRACT Reconfigurable intelligent surfaces (RISs) and massive multiple-input multiple-output
(massive-MIMO) systems are promising technologies for improving the energy efficiency of millimeter-
wave (mmWave) communication. Furthermore, in urban areas, where there is high obscurity, multiple RISs
can be deployed to circumvent blockages between communicating nodes. However, deploying both multi-
RIS and massive-MIMO systems significantly increases the dimensionality of a wireless communication
channel and thus, accurate channel state information (CSI) acquisition by channel estimation (CE) becomes
non-trivial mainly due to the passive nature of the RISs. Additionally, existing wideband RIS-assisted
CE schemes ignore the beam squint effect despite its severe CE performance degradation. Therefore, in
this paper, a beam squint aware machine learning (ML)-based uplink CE scheme for wideband multi-
RIS-assisted mmWave massive-MIMO orthogonal frequency division multiplexing (OFDM) system is
proposed. Specifically, to reduce the beam squint effect, the bandwidth of the system is divided into
subbands, and thereafter, a denoising convolutional neural network bidirectional long-short term memory
(DnCNN-Bi-LSTM) scheme is proposed for cascaded uplink CE. For certain parameter settings, the
proposed beam squint aware DnCNN-Bi-LSTM CE scheme achieves better normalized minimum mean
squared error (NMSE) performance than the state-of-the-art beam squint aware CE methods.

INDEX TERMS Channel estimation, reconfigurable intelligent surface, beam squint, machine learning,
MIMO.

I. INTRODUCTION

THE reconfigurable intelligent surfaces (RISs) and mas-
sive multiple-input multiple-output (massive-MIMO)

technologies are promising technologies to overcome the
challenges in millimeter-wave (mmWave) communica-
tions [1]. These challenges include but not limited to high
path loss and atmospheric absorption. The RISs in a wireless
communication system can improve signal coverage by
controlling the incident signal towards desired directions [2].
Furthermore, RISs can act as an alternative pathway of
the incident signals around the blockage between the
transmitter and receiver in non line-of-sight (LoS) cases.
On the other hand, massive-MIMO technology improves
signal energy and spectral efficiency with very large number
of antenna arrays [3]. With massive-MIMO, beamforming
becomes possible, which improves mmWave coverage by

steering the signal energy from transmitting antenna array
of antennas to the desirable direction. There are several
proposed beamforming techniques in literature to enhance
mmWave performance. In [4], [5], [6], cooperative hybrid
transmit beamforming was proposed where hybrid precoders
and combiners are designed for cell-free mmWave MIMO
networks. Conversely, a deep-learning-based active and
passive Beamforming techniques were proposed in [7] for
distributed simultaneous transmitting and reflecting (STAR)
RIS-assisted systems.
Nevertheless, implementing the RISs and massive-MIMO

technologies in a wireless communication system drastically
increases the system’s dimensionality. As a result, the
process of channel estimation (CE) becomes challenging,
and conventional CE methods such as least squares (LS) and
minimum mean square error (MMSE) become ineffective
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due to their inability to track non linear data. In [8]
and [9], sensing-based CE techniques inspired by the idea
of integrated sensing and communication (ISAC) were
proposed. However, the proposed schemes were based on the
Line-of-sight (LoS) scenarios and they are based on the LS,
which performs poorly for highly non linear data. Thus, the
schemes in [8] and [9] will deteriorate for CE in non-LoS
and high dimensionality scenarios like RIS-assisted systems.
In [10], neural network (NN)-based CE scheme was proposed
for orthogonal time frequency space (OTFS) modulation
system by firt, extracting differential features of the channel
to be fed to the NN. However, techniques to hence the NN
performance like model pruning were not incorporated in
the NN. There, the proposed NN will significantly be slower
in high dimensionality scenarios like RIS-assisted systems.
A Bayesian framework-based generalized approximat-

ing message passing (GAMP) was proposed in [11] for
RIS-assisted CE, assuming a Bernoulli-Gaussian (BG) distri-
bution. However, a MMSE estimator was used for cascaded
RIS-assisted CE, which is computationally expensive and
requires prior statistical information of the channel for
accurate estimates. This statistical information is challenging
to obtain in RIS-assisted channels. In [12] and [13], LS-based
schemes were proposed for RIS-assisted CE. However, since
the LS-based CE techniques cannot optimally exploit the
sparsity of the RIS-assisted channel, their CE performance
are considerably poor in this case.
Luckily, compared to conventional CE methods as

in [11], [12], [13], machine learning (ML) techniques have
shown very good performance in estimating RIS-assisted
massive-MIMO channels. The long short-term memory
convolutional neural network (LSTM-CNN) scheme was
proposed for RIS-assisted CE in [14]. The LSTM specialises
with sequencial data and is a perfect model for time-varying
CE. However, latest normalisation and regularisation methods
like batch normalisation (BN) were not utilised to improve
the convergence speed of the LSTM-CNN scheme in [14].
Conversely, in [15] a pruned autoencoder was proposed.
However, pruning significantly increases the complexity of
the autoencoder. In [16], a denoising CNN (DnCNN) scheme
was proposed but the user equipments (UEs) were assumed
to be static. The DnCNN is the deep-learning model based
on the CNN and the residual learning to improve the learning
rate of the CNN. However, for mobile UEs, the performance
of the DnCNN will deteriorate as is the case in [16] because
unlike recurrent neural networks (RNNs), its architecture was
not optimised for fast time-varying channels.
In MIMO wideband communication systems however,

there is an additional problem called the beam squint
effect where the steering vectors of a massive-MIMO
communication system are frequency-dependent [17]. This
effect negatively affects the performance of CE and need
to be accounted for. Ultimately, to obtain an optimal CE
performance for a MIMO wideband communication systems,
each subcarrier should have a dedicated set of steering
vectors that points a beam of that particular subcarrier to a

desirable direction. In narrowband communication systems,
the effect of the beam squint is negligible and thus, all
subcarriers can share a single set of steering vectors [18].
Anyway, just like in narrowband communication systems,
conventional CE methods assume a single set of steering
vectors for MIMO wideband CE, ignoring the effect of
the beam squint, leading to the degraded channel estimates.
Thus, it is important to pay special attention to the beam
squint effect when performing CE for MIMO wideband
communication systems, especially where RISs are deployed.
In [18], [19], [20], [21], [22], the beam squint effect was

considered to improve the RIS-assisted CE’s accuracy. The
single-RIS-assisted channel of a single-input single-output
(SISO) system was estimated in [18] by taking advantage of
the mutual correlation function between the spatial steering
vectors and the downlink cascaded channel from the base
station (BS) to the user equipment (UE). And due to the
beam squint, this mutual correlation function was found to
have two peaks representing a pair of estimated angles for
a single propagation path. This pair of estimated angles are
the frequency-independent—actual angle’ and the frequency-
dependent —false angle’. In this case, the beam squint
is the result of the interfering false angle. The twin-
stage orthogonal matching pursuit (TS-OMP) algorithm was
proposed to eliminate the false angle in the first stage
by estimating the path angles of the cascaded channel.
In the second stage, the TS-OMP algorithm estimates the
propagation gains and delays. Similar to [18], a correlation
based method was used in [19] and [20] to reduce the beam
squint effect. However, this method depends on the number
of steering vectors of the channel. That is, the mutual
correlation function will have to be determined for every
steering vector with the cascaded channel, resulting in high
complexity in cases where there are many steering vectors
like in a multi-RIS-assisted channel where each RIS has
its own steering vector. Furthermore, similar to [18], an
OMP algorithm was used for CE in [19]. However, the
OMP algorithm is highly sensitive to noise. Thus, for lower
signal to noise (SNR) scenarios, the OMP algorithm will
significantly deteriorate. In contrast, a data-driven denoising
convolutional neural network (DnCNN) algorithm was used
for CE in [20]. However, it was assumed that the cascaded
single-RIS-assisted channel was quasi-static (i.e., the UE,
RIS and BS were assumed to be all static). In more practical
scenarios however, UEs are mobile, and the performance of
the DnCNN will deteriorate.
In [21], a single-RIS-assisted MIMO system was modeled

with an assumption that the uplink channel between the
multi-antenna UE and an extremely large-scale RIS was
approximated as a near-field channel while the uplink
channel between the RIS and the multi-antenna BS was
assumed to be a far-field channel. In this case, the beam
squint was assumed to be severe for a near-field channel
and the beam squint in the far-field channel was assumed
to be negligible. To reduce the beam squint effect, a
spherical-domain dictionary was constructed by minimizing
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the coherence of two arbitrary subcarriers. Thereafter, the
near-field channel was estimated using a multi-frequency
parallelisable subspace recovery (MMPSR) architecture.
Similar method was used to reduce the beam squint effect
in [22]. However, as in [18], the beam squint reduction
method proposed in [21] and [22] will deteriorate for systems
with multiple steering vectors. Furthermore, the MMPSR
algorithm of [21] performs well only for linear data. For
non-linear multi-RIS-assisted massive-MIMO systems, the
use of the MMPSR algorithm for CE will be ineffective. On
the other hand, as in [18] and [19], the OMP based algorithm
was used for CE in [22] and its performance will worsen for
high complexity multi-RIS-assisted massive-MIMO systems.
The methods proposed in [11], [12], [13], [14], [15], [16],

[17], [18], [19], [20], [21], [22] dealt with a single-RIS-
assisted channels. However, in high obscurity environments
like in urban areas, there is a necessity to implement multiple
RISs to create a smooth mmWave communication path
around many buildings which act as blockages between
the communicating nodes [23], [24]. Increasing the number
of RISs and/or number of RIS elements was proven to
improve both ergodic capacity and outage probability in [23].
The proposed schemes in [25] and [26] considered CE for
multi-RIS-assisted system but did not consider the beam
squint effect, which therefore, affected CE accuracy. To the
best of the authors’ knowledge, no work has been reported
in literature on CE for massive-MIMO multi-RIS-assisted
mmWave system where the beam squint effect is considered.
As stated previously, conventional CE methods will not
be effective in such systems due to their inability to deal
with non linearity of the complex massive-MIMO multi-RIS-
assisted mmWave system while ML-based schemes show a
much better performance. These serve as a motivation for this
paper. Specifically, in this paper, ML-based CE techniques
are proposed for a wideband multi-RIS-assisted mmWave
massive-MIMO orthogonal frequency division multiplexing
(OFDM) system with the consideration of the beam squint
effect. The main contributions of this paper are as follows:

1) A novel beam squint aware CE scheme is proposed
for wideband multi-RIS-assisted mmWave massive
MIMO-OFDM system. That is, unlike all the work
in the literature where the beam squint effect is
considered for a communication system with no or
single RIS implemented, the work in this paper
expands to systems with two and more RISs. This is
for the applications in high obscurity environments.
By adopting the two-timescale channel property [27],
the required pilot overhead is minimised in this paper.

2) The proposed methods for the reduction of the beam
squint effect in several papers is based on the corre-
lation between the steering vectors and the cascaded
channel [18], [19], [20]. This method largely depends
on the number of steering vectors of a MIMO wide-
band system and will be computationally expensive in
multi-RIS-assisted systems since a correlation between

the cascaded channel and every steering vector of
each RIS will have to be computed for the reduction
of the beam squint effect. However, in this paper, a
beam squint reduction method (called the subdivided
bandwidth (SDB) scheme) that is less dependent on the
number of steering vectors is proposed. Specifically,
the wideband is divided into smaller subbands such
that each subband approximates a narrowband. In this
case, the subcarriers within a certain subband will share
a single set of steering vectors, thereby, reducing the
beam squint effect.

3) For CE, the DnCNN bidirectional (Bi)-LSTM scheme is
proposedand it is constructed to learn the residual instead
of the actual channel coefficients for faster training.
This residual learning also improves the accuracy of the
estimates. Additionally, a BN regularization is utilised
in the DnCNN to further increase the training speed.
To cope with the fast time-varying channel between
the UEs and the first RIS, the Bi-LSTM is utilised
since its architecture was designed to mainly deal with
time-varying data than other deep-learning variants.

The rest of the paper is organised as follows. InSection II, the
system model and problem formulation is provided followed
by the discussion of the proposed scheme in Section III.
Thereafter, the simulation results of the proposed scheme are
provided in Section IV. Section V concludes the paper.
Notation: The uppercase and lowercase bold letters rep-

resent matrices and vectors respectively, while the || · ||2 and
|| · ||F are the L2 and Frobenius norms respectively. The
IX , (·)T and (·)H are the 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 vectorization of a matrix X; Cx×y represents the
space of x × y complex-valued matrices; the ⊗ denotes the
Kronecker product respectively.

II. SYSTEM MODEL AND PROBLEM FORMULATION
The system model and problem formulation are provided in
this section.

A. SYSTEM MODEL
In this paper, the wideband multi-RIS-assisted mmWave
massive MIMO-OFDM wireless communication system is
considered as depicted in Fig. 1. This system consists of
N UEs each with Nant = Nantx × Nanty antennas, K RISs
(i.e., RISk for k ∈ {1, 2, . . . ,K}) and a BS equipped with
M = Mx×My uniform planar array (UPA) of antennas. It is
assumed that the implemented RISs have equal number of
reflecting elements P. Furthermore, the BS and all the RISs
are assumed to be fixed at their positions while the UEs
are mobile. The distances between the adjacent reflecting
elements at every RIS and between the UE’s and BS adjacent
antennas is de. The uplink channel is the focus of this paper.
Due to multiple paths, it is assumed that all the channels
are frequency-selective and due to blockage, there is no LoS
between the UEs and the BS. The OFDM block of the system
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FIGURE 1. A generic system model of K RISs.

has Nsc (with nsc ∈ {1, 2, . . . ,Nsc} as the nsc-th subcarrier)
subcarriers and the bandwidth is assumed to be of length
B. Therefore, there is dsc = B

Nsc
spacing between adjacent

subcarriers [28]. Furthermore, it is assumed that the cyclic
prefix (CP) is long enough to overcome the discontinuity
between the received signals that may happen due to the
multi-path signal delays.
In Fig. 1, G, {Rj}K−1

j=1 and H represent the uplink channels
between the UEs and RIS1, between adjacent RISs and
between RISK and the BS, respectively. Let Gd,n ∈ C

P×Nant ,
Rd,j,n ∈ C

P×P and Hd,n ∈ C
M×P be the d-th sample of

the low-pass filtered discrete-time channels of the n-th UE
between the n-th UE and RIS1, between adjacent RISs
and between RISK and the BS, respectively, where j ∈
{1, 2, . . . ,K − 1} and n ∈ {1, 2, . . . ,N}. As a result of the
fixed positions of all the RISs and the BS, the channels
{Rj}K−1

j=1 and H are assumed to be quasi-static. Since all the

UEs share the Hd,n and {Rd,j,n}K−1
j=1 channels for all time-

domain delay taps, the subscript n can be omitted for these
channels. In contrast, the channel G is time-varying due to
the mobility of the UEs and it depends on the n-th UE.

Let parameters Gd,n, Rd,j, and Hd be written as

Gd,n = G
Lg,n∑

lg=1

αlgprc
(
dTs − τlg

)
ar

(
ϑ
r,RIS1
lg

, ψ
r,RIS1
lg

)

× atH
(
ϑ
t,n
lg
, ψ

t,n
lg

)
ej

vnfsc
c cosθlg dTs , (1)

Rd,j = Rd,j

LRd,j∑

lRd,j=1

α
Rd,j
lRd,j

prc
(
dTs − τlRd,j

)

ar
(
ϑ
r,RISk+1
lRd,j

, ψ
r,RISk+1
lRd,j

)
atH

(
ϑ
t,RISk
lRd,j

, ψ
t,RISk
lRd,j

)
, (2)

and

Hd = H
LH∑

lH=1

αlH prc
(
dTs − τlH

)

ar
(
ϑ
r,BS
lH

, ψ
r,BS
lH

)
atH

(
ϑ
t,RISK
lH

, ψ
t,RISK
lH

)
(3)

respectively.

In (1), (2) and (3), Lg,n, {LRd,j}K−1
j=1 and LH are the total

number of paths of the uplink channels Gd,n, {Rd,j}K−1
j=1

and Hd respectively; G =
√

P×Nant
Lg,n

, {Rd,j =
√

P2

LRd,j
}K−1
j=1

and H =
√

M×P
LH

are the normalisation factors. The Dg,

{DRd,j}K−1
j=1 and DH are the time domain delay tap lengths

of the uplink channels Gd,n, {Rd,j}K−1
j=1 and Hd respectively;

αlg,n , {αlRd,j }K−1
j=1 and αlH represent the complex gain of the

li-th path where the subscript i ∈ {{g, n}Nn=1, {Rd,j}K−1
j=1 ,H},

lg,n ∈ {1, 2, . . . ,Lg,n}, {lRd,j ∈ {1, 2, . . . ,LRd,j}}K−1
k=1 and lH ∈

{1, 2, . . . ,LH}; prc(τ ) accounts for a low pass filtering and
a filter incorporating the pulse-shaping effects evaluated at
τ [16]; the vn, Ts, fnsc , c and θlg are the speed of the n-th user,
sampling period, subcarrier frequency, speed of light and the
angle between UE direction and the incident direction of the
subcarrier frequency for the lg-th path respectively.

Furthermore, in (1), (2) and (3), at(·, ·) and ar(·, ·) are the
normalized UPA steering complex column vectors of length
equivalent to the number of antenna/reflecting elements of
the transmitting/reflecting and receiving nodes respectively;
ϑ
t,·
lι

and ψ t,·
lι

are the azimuth and elevation angles of the
transmitting/reflecting node of the lι-th path respectively,
where “ι” is the channel in subject; ϑ r,·lι and ψ r,·

lι
are the

arrived azimuth and elevation angles of the receiving node
of the lι-th path respectively.
Generally, the UPA steering complex column vector is

given by

a(ϑ,ψ) = 1√
NUPA

e
−j dex (ϑ,ψ)

λnsc
nUPAx ⊗ e−j

dey (ψ)
λnsc

nUPAy (4)

where NUPA = NUPAx × NUPAy and λnsc are the number
of UPA elements and wavelength of the nsc-th subcarrier
respectively; nUPAx ∈ {0, 1, . . . ,NUPAx − 1}, nUPAy ∈
{0, 1, . . . ,NUPAy − 1}, dex(ϑ,ψ) = 2πdesin(ϑ)cos(ψ) and
dey(ψ) = 2πdesin(ψ), where the element of spacing is given
as de = λc/2, with λc representing the carrier wavelength.
The wavelength of the nsc-th subcarrier can be presented

in terms of the system’s bandwidth B as

λnsc =
c

fnsc + fc
= λc

1+ fnsc
fc

, (5)

where fc is the carrier frequency and fnsc = B
Nsc
(nsc −

1 − Nsc−1
2 ). Note that (4) depends on a subcarrier

frequency/wavelength (i.e., it depends on λnsc). This
frequency-dependency of the steering vector causes the
beam to be squinted to an unintended direction and this
phenomenon is called the beam squint effect. For narrowband
mmWave systems, B� fc and λnsc ≈ λc, thus, (4) becomes
less frequency-dependent. In this case, the beam squint effect
is assumed to be negligible and all subcarriers can use
the same set of steering vectors of a system. However,
in wideband systems, λnsc �= λc and (4) becomes more
frequency-dependent, resulting in the beam squint effect.
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B. PROBLEM FORMULATION
Since all RISs are assumed to have equal number of
reflecting elements in this paper (i.e., if Pk represents the
number of reflecting elements of the k-th RIS, it is assumed
that P1 = P2 = Pk = · · · = PK = P), the cascaded channel
U as depicted in Fig. 1 and RISs reflecting coefficients
matrices can be represented separately. Specifically, the d-
th sample of the low-pass filtered discrete-time cascaded
channel between the UEn and BS can be represented as

Ud,n = Hd,n

⎛

⎝
∏

j=1,...,K−1

Rd,j

⎞

⎠

Gd,n ∈ C
M×Nant . (6)

Note that the assumption that the number of RIS elements is
the same for all RIS is just to simplify the computation of (6)
and it does not impose any practical limitation. That is, when
the RISs have different RIS elements, the multiplication of
channel matrices in (6) will require matrix transformations
to be resolved to a single matrix Ud,n.

Substituting (1), (2) and (3) into (6), the simplified result is

Ud,n = U
LH∑

lH=1

LRd,1∑

lRd,1=1

LRd,2∑

lRd,2=1

· · ·
LRd,K−1∑

lRd,K−1=1

LG∑

lG=1

αlUprc
(
dTs − τlU

)
ar

(
ϑ
r,BS
lU

, ψ
r,BS
lU

)

atH
(
ϑ
t,n
lU
, ψ

t,n
lU
,
)
ej

vnfsc
c cosθlg dTs ∈ C

M×Nant (7)

where U = G × ∏
j=1,...,K−1 Rd,j × H, αlU = αlG ×∏

j=1,...,K−1 αlRd,j
× αlH, prc(dTs − τlU) = prc(dTs − τlH) ×∏

j=1,...,K−1 prc(dTs − τlRd,j ) × prc(dTs − τlG) and τlU is
the total delay of the cascaded channel from UEs to the
BS. Furthermore, ar(ϑ r,BSlU

, ψ
r,BS
lU

) = ar(ϑ r,BSlH
, ψ

r,BS
lH

) ×
∏

j=1,...,K−1 a
r(ϑ

r,RISk+1
lRd,j

, ψ
r,RISk+1
lRd,j

) × ar(ϑ r,RIS1
lG

, ψ
r,RIS1
lG

)

and atH(ϑ t,nlU , ψ
t,n
lU
, ) = atH(ϑ t,RISKlH

, ψ
t,RISK
lH

) ×∏
j=1,...,K−1 a

tH(ϑ
t,RISk
lRd,j

, ψ
t,RISk
lRd,j

)× atH(ϑ t,nlg , ψ
t,n
lg
), with lU ∈

{1, 2, 3, . . . ,LU} where LU = LG ×∏
j=1,...,K−1 LRd,j × LH

is the total number of cascaded paths from the UEs to the
BS and lU is the lU-th path from the UEs to the BS.

The RISs reflecting coefficients vectors of the n-th UE are
represented as a combined reflecting coefficients vector as


n =
∏

k=1,2,...,K


n,k, (8)

where 
n,k = [θn,k,1, θn,k,2, . . . , θn,k,P] is an P×1 reflecting
vector for the n-th user of the k-th RIS with θn,k,p
representing the reflecting coefficient for the n-th user of
RISk at the p-th reflecting element for p ∈ {1, 2, . . . ,P}.

By discrete fourier transformation (DFT), the frequency-
domain cascaded channel of the nsc-th subcarrier from UEn
to the BS is given by

Un[nsc] =
D−1∑

d=0

Ud,ne
−j2π nsc

Nsc
d
, (9)

where

D = DGDH

⎛

⎝
∏

j=1,2,...,K−1

DRj

⎞

⎠. (10)

By singular value decomposition [27], (9) can be
represented as

Un,q[nsc] = ABS�n,q[nsc]AH
n , (11)

where ABS and An represent the M × M and Nant × Nant
complex dictionary matrices of the BS’s angle of arrival
(AoA) and RIS1’s angle of departure (AoD) respectively;
�n,q[nsc] represents the M × Nant sparse matrix, and its
nonzero entries are the BS’s AoAs and UEn’s AoDs. SVD
enables low-rank approximations by removing small or zero
singular values especially for the matrix �n,q[nsc], leading
to a sparser representation. In essence, ABS and An contain
the left and right singular vectors.
Without loss of generality, assuming that Nant = P for

simplicity, at the BS, the received signal of the n-th UE at
the q-th time slot is given by

yn,q[nsc] = Un,q[nsc]
n,qsn,q[nsc]+ wn,q[nsc], (12)

where q ∈ {1, 2, . . . ,Q} and Q is the total number of time
slots. The 
n,q is the combined reflecting coefficients vector
at the q-th time slot for the n-th UE; sn,q[nsc] and wn,q[nsc] ∼
CN (0, σ 2IM) are the transmitted symbol and noise vector at
q-th time slot of the n-th UE respectively, where σ 2 is the
noise power at the nsc-th subcarrier and IM is an M × M
identity matrix.
Moreover, from (11), (12) can be represented as

yn,q[nsc] = ABS�n,q[nsc]AH
n 
n,qsn,q[nsc]

+ wn,q[nsc] (13)

and then reduced to

ỹn,q[nsc] = 
̃n,q�n,q[nsc]+ w̃n,q[nsc], (14)

where ỹn,q[nsc] = AH
BSyn,q[nsc] ∈ C

M×1, 
̃ =
AH
n 
n,qsn,q[nsc] ∈ C

P×1 and w̃n,q[nsc] = AH
BSwn,q[nsc] ∈

C
M×1 are the effective measurement, sensing and noise

vectors for the nsc-th subcarrier respectively.

III. THE BEAM SQUINT EFFECT AND THE PROPOSED
SCHEME
In this section, the beam squint effect is discussed followed
by the proposed SDB-DnCNN-Bi-LSTM scheme.

A. THE BEAM SQUINT EFFECT
Noted that by (5), the spatial angles (1+ fnsc

fc
)sin(ψ) and (1+

fnsc
fc
)sin(ϑ)cos(ψ) in (4) have different angular spread over

different subcarriers. This is referred to as the “beam squint”,
which has negative affects on wideband CE. However, most
works on wideband CE (such as works presented in [29]
and [30]) ignored the beam squint effect, which result in
inaccurate channel estimates.
On the other hand, as in [18] and [19] several works

used a correlation-based method to eliminate the influence
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FIGURE 2. The beam squint effect.

of the beam squint effect by taking advantage of the angular
orthogonality property of steering vectors. In this case, by
finding the peaks of mutual correlation function

ϒ(x, y) = a(x, y)HUn[nsc], (15)

the equivalent angles of arrival (AoAs) and/or angles of
departure (AoDs) can be estimated. The function ϒ(x, y)
will have two peaks/angles, one called the actual peak/angle
at (x = η1, y = η2) and the other at (x = η1 + fc

fnsc+fc , y =
η2 + fc

fnsc+fc ) which is referred to as a false angle. Note
that the false peak/angle is frequency-dependent. Therefore,
the actual peaks will remain the same for all subcarrier
frequencies while the false peaks change as demonstrated
in Fig. 2 for B = 500MHz, fc = 10GHz and Nsc =
128. The peaks on the right are the actual peaks while
the peaks on the left (inside the red rectangle) represent
the false angles. To reduce the beam squint effect, the
works in [18], [19], [20] proposed to accumulate the mutual
correlation function ϒ(x, y) over all subcarriers since for
such accumulation, the total peak of the false angles will
decrease as the total peak of the actual angles increase.
However, this method largely depends on the number of

steering vectors in a system. For a multi-RIS-assisted system
which has a high number of steering vectors, this method
will be computationally expensive since ϒ(x, y) will have
to be computed for every steering vector and thereafter,
accumulated for all subcarriers. In this paper, the beam squint
elimination method which is less dependent on the number
steering vectors is proposed as it will be discussed later.

B. THE PROPOSED TWO-TIMESCALE
SDB-DNCNN-BI-LSTM SCHEME
Due to the deployed RISs in a system, high pilot
overhead will be required for CE. This is because an

RIS-assisted channel has significantly higher number of
channel coefficients (especially if the transceivers are
mobile [31]) which have to be estimated than in a non-
RIS system. Therefore, it is necessary to make efforts to
reduce the required pilot overhead especially for multi-
RIS-assisted CE. Hence, in this paper, the two-timescale
channel scheme is adopted to significantly reduce the
required pilot overhead for multi-RIS-assisted CE. That
is, the small-timescale and large-timescale coherence times
are assumed for a time-varying and quasi-static channels
respectively. However, unlike in [32], [33], [34], [35] where
the large-timescale coherence time was assumed for a single-
link/channel between the static RIS and a BS, the proposed
large-timescale coherence time (TRB) is assumed for the
cascaded uplink channel (i.e., multi-link/channel) from RIS1
all the way to the BS, and a single-link/channel between
the UEs and RIS1 adopts a small-timescale coherence
time (TUE).
Specifically, the CE in the proposed scheme is performed

in two stages. Since the RISs and the BS are assumed to be at
fixed positions at all times, the channels between them (i.e.,
the cascaded channel RIS1-BS) are assumed to be quasi-
static, and therefore, they can be estimated only once during
the large-timescale coherence time (TRB) in the first stage.
In this case, pilots are transmitted from the UEs through
the RISs all the way to the BS. The channel G can be
assumed to be quasi-static and given an arbitrarily known
constant since doing so will not affect the estimation of the
RIS1-BS cascaded channel in this stage. Therefore, the RIS1-
BS cascaded channel is estimated without the ambiguity of
channel G. Thereafter, in the second stage, the time-varying
channel G is estimated during the small-timescale coherence
time (TUE) using the estimated cascaded channel RIS1-BS.
This two-timescale CE methods significantly reduces the
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FIGURE 3. Difference between conventional and two-timescale CE.

required pilot overhead for CE. Unlike in conventional CE
where the quasi-static channel is estimated together with the
time-varying channel during every small-timescale coherence
time, the proposed two-timescale method estimates the quasi-
static channel altogether only once.
Fig. 3 demonstrates the difference between the conven-

tional and the two-timescale CE where Rows 1 and 2 are the
quasi-static uplink RIS1-BS CE processes for a conventional
and proposed two-timescale schemes respectively, and Row 3
is an uplink time-varying channel UEs-RIS1. Therefore, the
pair consisting of Row 3 and 1 represents the conventional
CE scheme while the Row 3 and 2 pair is the two-timescale
CE scheme. The red and blue bars represent the small-
timescale and large-timescale CE processes respectively.
Note that the small-timescale coherence time is a fraction
of the large-timescale coherence time. At the first small-
timescale coherence time period, all the channels are
estimated and thereafter, data is transmitted during the pink
region. However, from the second small-timescale coherence
time period onwards, there is no CE for the two-timescale
quasi-static channel (Row 2) indicated by a gray region (i.e.,
it assumes the same channel coefficients estimated from the
previous small-timescale coherence time period) while the
conventional quasi-static channel (Row 1) is estimated every
time when the time-varying channel (Row 3) is estimated.
Thus, the conventional CE unnecessarily uses higher pilot
overhead than the two-timescale CE.
The two-stage CE in this paper is estimated using the

proposed DnCNN and Bi-LSTM schemes for the cascaded
uplink quasi-static channel RIS1-BS and time-varying chan-
nel G respectively, as discussed below. But first, the proposed
beam squint reduction method is discussed.

1) THE BEAM SQUINT EFFECT REDUCTION SCHEME

Basically, since (4) (i.e., steering vectors) depends on the
subcarrier frequency, and for narrowband, subcarriers are
not widely spread (i.e., the entire signal bandwidth fits
within a small frequency range), the beam squint has less
effect and a single frequency can be used to compute

the steering vectors of the system. However, for wideband
systems, the subcarriers are widely spread and the steering
vectors becomes more dependent on the individual subcarrier
frequencies. Thus, using a single frequency to compute the
steering vectors of the system will significantly affect the
CE, since the channels (1), (2) and (3) becomes inaccurate.
Fig. 2 shows the correlation of the steering vector with the
cascaded channel as (15). In this paper, the SDB method is
proposed where the wideband is divided into a number of
subbands where each subband is an approximation of the
narrowband, thus, reducing the beam squint effect. A center
subcarrier frequency of a subband is used to compute the
steering vectors of that particular subband. Each subband
will therefore have a unique set of steering vectors.
The bandwidth is divided into Nsb subbands with the

assumption that each subband can be approximated as a
narrowband. Thus, a set of steering vectors for the nsb-th
subband is computed using a center frequency

fnsb = fc + B

Nsb

(
nsb − Nsb − 1

2

)
(16)

of that particular subband, where nsb ∈ {0, 1, . . . ,Nsb−1} is
the nsb-th subband and each subband consists of Nbs/sc = Nsc

Nsb
subcarriers. Thus, a steering vector for an nsb-th subband
can be computed as

ansb(ϑ,ψ) =
1√
NUPA

e
−j dex (ϑ,ψ)

λnsb
nUPAx ⊗ e−j

dey (ψ)
λnsb

nUPAy
, (17)

where λnsb = (c/fnsb) + fc = λc/1 + fnsb
fc
,is the wavelength

of the nsb-th subband.
Fig. 4 demonstrates how the function ϒ(x, y) responds as

a result of using ansb(x, y) instead of a(x, y) for Nsb = 1,
Nsb = 3, Nsb = 6 and Nsb = 10. The total number of
subcarriers is set to Nsc = 128 and the bandwidth B =
500MHz. When the bandwidth is not divide (i.e., Nsb =
1), the proposed SDB scheme uses the carrier frequency
fc as a frequency of the whole bandwidth (i.e., fnsb = fc).
Thus, the angular domain index of the false angle for all
subcarriers varies from the subcarrier 1’s angular domain
index to the subcarrier 128’s angular domain index. It can
be concluded that as the number of subbands increases, the
angular domain index spread of the false angles for the nsb-
th subband reduces. That is, the angular domain index of the
false angle of the last subcarrier within the nsb-th subband
gets closer and closer to the reference (red dashed line) as
the value of Nsb increases. For example, when Nsb = 3
(nsb ∈ {0, 1, 2}), the number of subcarriers within the nsb-th
subband will be

Nbs/sc = Nsc

Nsb
= 128

3
≈ 42. (18)

In this case, the angular domain index spread of the false
angles for all subcarriers within the nsb-th subband is shorter
than that of Nsb = 1. Similar explanation can be given for
the Nsb = 6, Nsb = 10 and Nsb > 10 cases.
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FIGURE 4. The effect of the proposed SDB scheme on the mutual correlation function ϒ(x, y) for various values of Nsb at the nsb-th subband.

FIGURE 5. The double-structured sparsity of the cascaded channels for UEi and
UEj at the q-th time slot.

In essence, when the bandwidth is divided, the fac-
tor fnsc

fc
in the spatial angles (1 + fnsc

fc
)sin(ψ) and (1 +

fnsc
fc
)sin(ϑ)cos(ψ) reduces. And if the value of Nsb becomes

large enough, each nsb-th subband can be assumed as a
narrowband and the beam squint effect will not have effect.

2) STAGE 1: CASCADED QUASI-STATIC CE

The multi-RIS-assisted channel model in (1) exhibits a
double-structured sparsity property as demonstrated in
Fig. 5. That is, the cascaded channel has a full sparsity in
the RIS1-BS cascaded channel and a partial sparsity in the G
(UEs-RIS1) channel [36]. In Fig. 5, the columns of channel
matrices �i,q and �j,q for the i-th and j-th UEs represent
the paths of the time varying-channel gn while rows are
the paths for the cascaded channel RIS1-BS, and the non-
empty entries are shown by the shaded squares. Note that all
the non-entries of �i,q share rows with all the non-entries
of �j,q. This is a demonstration of the full sparsity of the
cascaded quasi-static channel RIS1-BS between any i-th and
j-th UEs. For the partial sparsity between any i-th and j-th
UEs, observe that some non-entries of �i,q and �j,q share
columns (indicated by the red squares) and some do not

FIGURE 6. The proposed DnCNN architecture.

(indicated by the black and gray squares). The time-varying
channel between UEs and RIS1 exhibits this partial sparsity
property.
Therefore, the quasi-static cascaded channel RIS1-BS is

estimated by taking advantage of the full sparsity property.
For this purpose, the problem is viewed as a denoising
problem and the DnCNN architecture is proposed as shown
in Fig. 6. The proposed DnCNN scheme learns the error
residual than the actual channel coefficient. This approach
improves the accuracy of the channel estimates and increases
the training speed [37]. To further increase the training
speed of the proposed DnCNN, the BN for regularization is
incorporated. And since the DnCNN is based on the CNN,
to reduce the CE complexity, it detects smaller, meaningful
features of the cascaded �n for processing [38].

As shown in Fig. 6, the proposed DnCNN scheme has
LC convolutional layers with each layer comprising of clc
different filters of size Dlc,x × Dlc,y × Dlc,z, where lc ∈
{1, 2, . . . ,LC} is the lc-th convolutional layer. The first
convolutional layer lc = 1 (the stacks of pink rectangles)
has c1 = 64 filters of size (3× 3× 1) and it is followed by
a rectified linear unit (ReLU) while the last convolutional
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layer lc = LC (black rectangle) consists of a single filter
(cLC = 1) of size (3 × 3 × 64) for constructing the
output. The convolutional layers between the first and the
last convolutional layers are identical (the stacks of red
rectangles) and each consists of 64 filters of size (3×3×64)
followed by the BN and ReLu operations.
Therefore, since the cascaded uplink quasi-static channel

RIS1-BS exhibits the full sparsity property as previously
discussed, the DnCNN takes in, as an input, the M × 1
correlation vector

cr =
Nsc∑

nsc=1

N∑

n=1

cn[nsc]
H . (19)

In this case, cn[nsc] = |snỸn[nsc]| ∈ C
1×M , where the

collection of the received effective signals for Q time slots
of the nsc-th subcarrier is presented as a matrix Ỹn[nsc] ∈
C
Q×M and the vector sn = [sn,1, sn,2, . . . , sn,Q]H consists of

symbols transmitted by the n-th UE for Q time slots. To
actually use (19) as the input to the DnCNN, it must be
formulated as a matrix as

Cr = vec2math(cr, [Mx,My]) ∈ C
Mx×My (20)

since CNNs can only process a grid-like data [38].
Note that the output of the proposed DnCNN is the

residual noise WRN ∈ C
Mx×My of the input Cr. Therefore,

the matrix associated with the cascaded channel can be
computed as

Vr = Cr −WRN ∈ C
Mx×My (21)

and its vector form can be presented as

vr =
Nsc∑

nsc=1

N∑

n=1

K∑

k=1

P∑

p=1

|[�n[nsc]]:,n| ∈ C
1×M, (22)

and contains all the accumulated cascaded channel ampli-
tudes coming from all the UEs. In essence, the proposed
DnCNN estimates the clean received signal from a noisy
signal by learning a mapping function F(Cr) = Vr.

The proposed DnCNN learns a set of trainable parameters
η1 through a loss function

�1(η1) = 1

2I

I∑

i=1

||W(Cr,i; η1)− (Cr,i − Vr,i)||2F, (23)

where {Cr,i,Vr,i}Ii=1 are the I training patch pairs.
This proposed DnCNN will perform considerably well in

multi-RIS-assisted CE practical scenarios since it is only
used for quasi-static CE (where the channel does not rapidly
change). That is, in a practical scenario where both the
BS and the RISs are stationery, the uplink channels from
RIS1 to the BS do not change rapidly. This means that less
channel coefficients are required to be estimated as compared
to dynamic channel scenarios due to, for example, high
speed movement of UEs (as in the UEs-RIS1 channel). Thus,
with the incorporated convolutional layers which captures

FIGURE 7. The proposed Bi-LSTM architecture.

spatial correlation of the channels, the CE performance of the
proposed DnCNN will perform significantly well in practical
quasi-static channels.
However, the uplink time-varying CE between the UEs

and RIS1 will be poor in practical scenarios if the DnCNN
is used. Therefore, there is a need for a CE scheme which is
more robust to time-varying data to estimate the time-varying
UEs-RIS1 channel. Thus, in this paper, the Bi-LSTM scheme
is proposed to estimate time-varying UEs-RIS1 channel as
discussed next (stage 2: time-varying CE).

3) STAGE 2: TIME-VARYING CE

Since the channel G is time-varying, the DnCNN architecture
used to estimate the cascaded quasi-static channel RIS1-BS
may not optimally track the fast changing coefficients of
channel G. Thus, for this purpose, the Bi-LSTM scheme
shown in Fig. 7 is proposed. The proposed Bi-LSTM
scheme, unlike the DnCNN scheme, can capture time series
data dependencies more effectively [39]. And unlike the
LSTM schemes in [14], [40] and [41], which track series data
in only forward direction, the proposed Bi-LSTM scheme
tracks time series data dependencies in both forward and
backward directions, thereby, significantly improving the
channel estimates.
The proposed Bi-LSTM has LLSTM layers of LSTM cells

where the first LLSTM − 1 layers are the Bi-LSTM layers.
That is, the first LLSTM−1 layers consists of pairs of LSTM
networks where one LSTM network propagates data in the
forward direction and the other LSTM network propagates
data in the backward direction. The last LSTM layer (the
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red filled rectangle) has only the forward direction LSTM
network to compute the output. Note that, just like the
proposed DnCNN scheme, the proposed Bi-LSTM scheme
learns the error residual. Therefore, to estimate the gn
channel amplitudes, the pilots are transmitted from UEn
through the multi-RIS network and the signal is received by
the multi-antenna BS. The estimation of gn by the proposed
Bi-LSTM scheme utilises the already estimated quasi-static
channel (RIS1-BS) coefficients by the DnCNN. That is, the
time-varying channel gn is estimated without the ambiguity
of the cascaded channel RIS1-BS.
If lt ∈ {1, 2, . . . ,LT} is the lt-th cascaded path of channel

RIS1-BS where LT represents the total number of paths
of channel RIS1-BS, the time-varying channel gn can be
estimated by the proposed Bi-LSTM scheme by taking in as
an input, a P× 1 correlation vector

cn,lt,q =
Nsc∑

nsc=1

|
̃n,q[Ỹ[nsc]]:,�̂r(lt)
|. (24)

If the estimation of vector vr by the DnCNN is represented
as a vector v̂r, then �̂r in (24) is a set containing the
nonzero entries of v̂r. Thus, the amplitude of the lt-th path
is presented by �̂r(lt) which is one of the nonzero entries
of �̂r. As shown in Fig. 7, the output of the proposed Bi-
LSTM scheme is the residual noise vector wn,lt,q ∈ C

P×1

and the vector corresponding to the channel amplitudes of
the channel gn can be computed as

vn,lt,q = cn,lt,q − wn,lt,q

=
Nsc∑

nsc=1

|�n,q[nsc]:,�̂r(lt)
| ∈ C

P×1. (25)

The proposed Bi-LSTM learns a set of trainable parameters
η2 through a loss function

�2(η2) = 1

2I

I∑

i=1

||W(cn,lt,q,i; η2)− (cn,lt,q,i − vn,lt,q,i)||2F
(26)

where {cn,lt,q,i, vn,lt,q,i}Ii=1 are the I training patch pairs.
Each LSTM cell has the forget (gray region), input (pink

region) and output (yellow region) gates as shown in Fig. 8.
The forget gate discards less important information from the
previous cell state by computing

zp = �(�zcn,lt,q,p +�zwn,lt,q,(p−1) + bz), (27)

while the input and the output gate are computing

rp = �(�rcn,lt,q,p +�rwn,lt,q,(p−1) + br) (28)

and

op = �(�ocn,lt,q,p +�own,lt,q,(p−1) + bo) (29)

respectively. The input gates adds new information to the
memory csn,lt,q,(p−1) while the output gate decides which
information should be propagated as a hidden state wn,lt,q,p.

FIGURE 8. Internal structure of an LSTM cell.

TABLE 1. System parameters.

In (27), (28) and (29), �i and �i are the weights while bi is
a bias for i ∈ {z, r, o}. The subscripts z, r and o correspond
to the forget, input and output gates respectively. Therefore,
the outputs of an LSTM cell are

csn,lt,q,p = (zp ⊗ csn,lt,q,(p−1))+ (rp ⊗ ĉsp) (30)

and

wn,lt,q,p = tanh(csn,lt,q,p)⊗ op (31)

where ĉsp = tanh(�cscn,lt,q,p + �cswn,lt,q,(p−1) + bcs)
({�cs,�cs} and bcs are weights and bias respectively). An
LSTM cell learns all the weights and biases.
Algorithm 1 shows the complete process of the proposed

SDB-DnCNN-Bi-LSTM scheme.

IV. SIMULATION RESULTS
In this section, simulation results are provided for the conver-
gence of the proposed scheme and thereafter, a comparative
performance of the proposed scheme with schemes in [18]
and [20] is provided. For training, the DeepMIMO dataset
in [42] is used and an “O1_60” scenario is adopted. It is an
outdoor scenario operating at 60GHz. The simulation results
are provided for a double-RIS-assisted system without loss of
generality and similar procedure can be followed for systems
with more than three RISs. Table 1 summarises the system’s
parameters for simulations.
The total generated data for both training (70%) and

validation (30%) is 20 000 input-output dataset pairs.

A. THE CONVERGENCE OF THE PROPOSED DNCNN
AND BI-LSTM SCHEMES
The values of LC and LLSTM in Figs. 6 and 7 respectively
are determined by simulating the DnCNN and Bi-LSTM
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Algorithm 1 The proposed SDB-DnCNN-Bi-LSTM

1: Initialisation: Nsb, Ỹn[nsc] ∀(nsc, n), 
n,q ∀(n, q), LG,
LH , LRj ∀(Rj), �̂r, �̂n,lt,q ∀(n, nsc, q, lt)
2: �n,q[nsc]← 0M×P ∀(nsc, n, q)
3: procedure REDUCE THE BEAM SQUINT EFFECT

4: ansb(ϑ,ψ)
Online←−−−
SDB

Nsb

5: Return ansb(ϑ,ψ) ∀(RISs, BS)
6: procedure ESTIMATE �r

7: Cr ← vec2math(cr, [Mx,My]).

8: V̂r
Online←−−−−
DnCNN

Cr

9: v̂r ← vec(V̂r)

10: �̂r ← INDEXSORTDESCEND (v̂r,LT)
11: Return �̂r

12: end procedure
13: procedure ESTIMATE �n,lt,q

14: v̂n,lt,q
Online←−−−
GRU

cn,lt,q

15: �̂n,lt,q← INDEXSORTDESCEND (v̂n,lt,q,LG)
16: Return �̂n,lt,q

17: end procedure
18: procedure RECONSTRUCT THE CASCADED
CHANNEL Un,q[nsc]
19: for q = 1 : Q do
20: for n = 1 : N do
21: for nsc = 1 : Nsc do
22: for lt = 1 : LT do
23: �̂n,q[nsc](�̂r,�̂n,lt ,q)
24: end for
25: Ûn,q[nsc] = ABS�̂n,q[nsc]AH

RIS1
26: end for
27: end for
28: end for
29: return Ûn,q[nsc] ∀(n, nsc, q)
30: end procedure

schemes with various LC and LLSTM values. It can be seen
in Figs. 9 and 10 that the DnCNN and Bi-LSTM schemes
converge faster for LC = 3 and LLSTM = 3 respectively. The
reason for the behavior is that the gradients during learning
become very small (vanish) during backpropagation for both
the DnCNN and Bi-LSTM schemes with a larger number
of layers (in this case larger than LC = LLSTM = 3) for a
given learning rate. This in turn makes it difficult for the
network to learn effectively. Similarly, in Fig. 10 when the
number of layers becomes smaller, the Bi-LSTM schemes
performance degrades. This could be attributed to insufficient
representational capacity. Note that for DnCNN, LC cannot
be less than 3. Therefore, for double-RIS-assisted CE, the
DnCNN and Bi-LSTM schemes must have three number
of convolutional layers and three LSTM layers for optimal
performance respectively. This schemes were both trained
with a 10−6 learning rate.
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FIGURE 9. The DnCNN Convergence in terms of training loss versus number of
training iterations for various number LC layers.
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FIGURE 10. The Bi-LSTM Convergence in terms of training loss versus number of
training iterations for various number LLSTM layers.

B. THE NMSE COMPARISON
The proposed SDB-DnCNN-Bi-LSTM scheme is bench-
marked in terms of NMSE performance with the following
beam squint aware CE schemes:

1) OMP-based Scheme in [18]. This scheme used a
correlation-based method to eliminate the beam squint
effect. For CE, the TS-OMP algorithm is used.

2) Double-structured DnCNN scheme in [20]. Similar
to [18], a correlation-based beam squint elimination
method was adopted. However, the DnCNN was used
for cascaded CE from UEs to the BS.

3) The Oracle LS. This scheme assumes a perfect elim-
ination of the beam squint effect, and provides the
lowest bound of CE. The CE is performed with an
assumption that the supports are perfectly known.

The NMSE is computed as

NMSE = 1

N

N∑

n=1

∑Nsc
nsc=1 ||Ûn[nsc]− Un[nsc]||2F∑Nsc

nsc=1 ||Un[nsc]||2F
(32)

4814 VOLUME 6, 2025



-10 -5 0 5 10 15
SNR (dB)

-20

-15

-10

-5

0
N

M
SE

 (d
B)

OMP-Based Scheme in [18]
Double-structured DnCNN Scheme in [20]
The Proposed SDB-DnCNN-Bi-LSTM Scheme (Nsb = 1)
The Proposed SDB-DnCNN-Bi-LSTM Scheme (Nsb = 5)

The Proposed SDB-DnCNN-Bi-LSTM Scheme (Nsb = 15)

The Oracle LS Scheme

FIGURE 11. NMSE comparison of the proposed SDB-DnCNN-Bi-LSTM scheme (for
various values of Nsb) with schemes in [18] and [20].

As it can be observed in Fig. 11 that the NMSE
performance of the proposed SDB-DnCNN-Bi-LSTM
scheme improves as the value of Nsb increases. This is
because the steering vectors of the system becomes less
dependent on the subcarrier frequencies as the subbands
become narrower and narrower. Note that for Nsb = 1, the
proposed scheme performs worser than both the OMP-based
and Double-structured DnCNN schemes mainly because for
Nsb = 1, the bandwidth is simply not divided and the beam
squint effect is severe, affecting the performance of the
proposed scheme, but the OMP-based and Double-structured
schemes are not affected (i.e., the beam squint elimination
scheme for both schemes took effect regardless). For Nsb =
5, the proposed scheme is starting to perform better than the
OMP-based scheme (only at low SNR up to about SNR of
7 dB) even though the SDB scheme may not be performing
better than the correlation-based for eliminating the beam
squint. This is because the proposed scheme has a better CE
scheme (DnCNN-Bi-LSTM), an ML-based scheme which
can handle the sparsity of the cascaded multi-RIS-assisted
system than the OMP-based scheme. For about Nsb = 15, the
proposed scheme performs better than the schemes in [18]
and [20] by 3.5 dB and 1.5 dB respectively. Unlike the
scheme in [20] which implement the DnCNN also for time-
varying channel between the UEs and RIS1, the proposed
scheme utilise the Bi-LSTM scheme which is optimised
to deal with time-varying data than the DnCNN. On the
other hand, the proposed scheme with Nsb = 15 has about
1.5 dB performance gap from the Oracle LS scheme. This
gap can be reduced by increasing the value of Nsb. Thus,
the proposed scheme demonstrates a promising solution for
multi-RIS-assisted CE.
Fig. 12 illustrates how the NMSE of CE improves as the

number of RIS elements of the system increases for the
proposed scheme with Nsb = 15 while keeping all parameters
in TABLE 1 constant but varying the value of P. When P
increases from P = 32 to P = 64, the NMSE improves by
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FIGURE 12. NMSE comparison of the proposed SDB-DnCNN-Bi-LSTM scheme with
Nsb = 15, for various values of P.

about 1.2 dB. Similarly, the NMSE improves by about 1.8
dB when P increases from P = 64 to P = 256.
Although the simulation results of the proposed scheme

are provided for the double-RIS-assisted channel, as dis-
cussed in [23], it is expected that both the complexity and
resource consumption will be relatively higher as the number
of RISs increases. That is, for the proposed DnCNN scheme,
the value of LC (i.e., the number of convolutional layers) will
become relatively higher as the number of RISs increases
since more channel coefficients will need to be estimated.
On the other hand, the value of the LLSTM only depends
on the channel coefficient estimation of the UEs-RIS1 (i.e.,
channel G) channel, which will be the same for any number
of RISs. Therefore, LLSTM = 3 for any number of RISs in
the system.

C. COMPLEXITY ANALYSIS
In this section, the online complexity analysis of the
proposed SDB-DnCNN-Bi-LSTM scheme as compared with
the schemes in [18] and [20] is provided.

The complexity of each LSTM cell in the proposed Bi-
LSTM scheme depends on the forget, input and output
gates by (27), (28) and (29) respectively, and candidate
state (cell state). Each of these variables (the gates and
the cell state) involves two matrix-vector multiplications.
Thus, the complexity cost of each LSTM is of order
O(4(NinpNHidd + N2

hidd)), where Ninp and Nhidd are the cell
input size and number of hidden units. And since there
are P LSTM cells per layer (2P LSTM cells within each
Bi-LSTM layer), the total complexity cost of the proposed
Bi-LSTM scheme is O(LLSTM×2P×4(NinpNHidd+N2

hidd)) =
O(8LLSTMP(NinpNHidd + N2

hidd)).
On the other hand, for the DnCNN with LC

number of convolutional layers, the complexity cost
order is given by O(∑LC

lc=1 Dlc,xDlc,yDlc,zclc). Therefore,
for the Q time slots and Nsb subbands, the overall
complexity of the proposed SDB-DnCNN-Bi-LSTM
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scheme is O(QNsb(8LLSTMP(NinpNHidd + N2
hidd) +∑LC

lc=1 Dlc,xDlc,yDlc,zclc)).
As in [43], the complexity cost of the OMP-based scheme

in [18] is O(2MNantNatom), where Natom is the number of
atoms of the cascaded channel matrix, and complexity cost
of the scheme in [20] is O(2 ∑LC

lc=1 Dlc,xDlc,yDlc,zclc).
It therefore, becomes clear that our proposed scheme

traded off the computational complexity for high CE accu-
racy as both [18] and [20] have relatively lower complexity.

V. CONCLUSION
This paper considered a wideband multi-RIS-assisted
mmWave massive-MIMO OFDM system and an SDB-
DnCNN-Bi-LSTM scheme was proposed for uplink CE.
To reduce the required pilot overhead of CE, a two-
timescale scheme was adopted, and the beam squint effect
was combated by dividing the system’s bandwidth into Nsb
subbands. It was proven that the beam squint effect decreases
with an increase of Nsb. For the uplink cascaded quasi-static
channel between RIS1 and BS, the DnCNN scheme was used
for CE. The BN and residual learning were incorporated
in the proposed DnCNN scheme to increasing the learning
speed. Thereafter, without the ambiguity of the RIS1-BS
channel, the uplink time-varying channel between the UEs
and the RIS1 was estimated using the Bi-LSTM scheme,
which is capable of tracking time-varying data in both
forward and backward directions, resulting in more accurate
channel estimates than a basic LSTM scheme which only
tracks time-varying data in only forward direction.
As illustrated in Fig. 11, it can be inferred that the

proposed SDB scheme is effective in reducing the beam
squint effect, thereby, improving the CE accuracy. However,
if CE is performed without deploying the SDB scheme (i.e.,
SDB scheme with Nsb = 1, thereby ignoring the beam squint
effect), the proposed DnCNN-Bi-LSTM scheme still exhibits
enhanced performance which is slightly lower than the case
where beam squint is considered as documented in [18]
and [20], but with lower performance gain of about 0.5 dB
and 2.5 dB respectively. In essence, the proposed SDB-
DnCNN-Bi-LSTM scheme shows improved performance in
compassion with other schemes considered in this paper. For
future work, the proposed scheme can be tested for other
system models and parameter settings.

REFERENCES
[1] B. G. Kashyap et al., “A reconfigurable intelligent surface for 5G wire-

less communication applications,” in Proc. IEEE Int. Symp. Antennas
Propag. USNC-URSI Radio Sci. Meeting (APS/URSI), Singapore,
2021, pp. 111–112, doi: 10.1109/APS/URSI47566.2021.9704068.

[2] S. Kisseleff, W. A. Martins, H. Al-Hraishawi, S. Chatzinotas, and
B. Ottersten, “Reconfigurable intelligent surfaces for smart cities:
Research challenges and opportunities,” IEEE Open J. Commun. Soc.,
vol. 1, pp. 1781–1797, 2020, doi: 10.1109/OJCOMS.2020.3036839.

[3] H. Q. Ngo, E. G. Larsson, and T. L. Marzetta, “Energy and
spectral efficiency of very large multiuser MIMO systems,” IEEE
Trans. Commun., vol. 61, no. 4, pp. 1436–1449, Apr. 2013,
doi: 10.1109/TCOMM.2013.020413.110848.

[4] M. Jafri, S. Srivastava, P. Kumar, A. K. Jagannatham, and
L. Hanzo, “Cooperative hybrid beamforming for the mitigation
of realistic asynchronous interference in cell-free mmWave MIMO
networks,” IEEE Trans. Commun., vol. 72, no. 11, pp. 6737–6751,
Nov. 2024, doi: 10.1109/TCOMM.2024.3403474.

[5] M. Jafri, S. Srivastava, N. K. D. Venkategowda, A. K. Jagannatham,
and L. Hanzo, “Cooperative hybrid transmit beamforming in cell-free
mmWave MIMO networks,” IEEE Trans. Veh. Technol., vol. 72, no. 5,
pp. 6023–6038, May 2023, doi: 10.1109/TVT.2022.3229832.

[6] G. Sun, X. Yi, W. Wang, W. Xu, and S. Jin, “Hybrid beam-
forming for millimeter-wave massive grant-free transmission,” IEEE
Trans. Commun., vol. 73, no. 3, pp. 2061–2076, Mar. 2025,
doi: 10.1109/TCOMM.2024.3455241.

[7] H. A. Le, T. V. Chien, and W. Choi, “Graph neural network based
active and passive beamforming for distributed STAR-RIS-assisted
multi-user MISO systems,” IEEE Trans. Commun., early access,
Apr. 7, 2025, doi: 10.1109/TCOMM.2025.3558504.

[8] C. Qing, W. Hu, Z. Liu, G. Ling, X. Cai, and P. Du, “Sensing-aided
channel estimation in OFDM systems by leveraging communication
echoes,” IEEE Internet Things J., vol. 11, no. 23, pp. 38023–38039,
Dec. 2024, doi: 10.1109/JIOT.2024.3443640.

[9] C. Qing, Z. Liu, W. Hu, Y. Zhang, X. Cai, and P. Du, “LoS sensing-
based channel estimation in UAV-assisted OFDM systems,” IEEE
Wireless Commun. Lett., vol. 13, no. 5, pp. 1320–1324, May 2024,
doi: 10.1109/LWC.2024.3368652.

[10] C. Qing, Z. Liu, G. Ling, W. Hu, and P. Du, “Channel estimation
in OTFS systems by leveraging differential modulation,” IEEE
Trans. Veh. Technol., vol. 74, no. 5, pp. 6907–6918, May 2025,
doi: 10.1109/TVT.2024.3522940.

[11] X. Su, R. He, P. Zhang, and B. Ai, “Generalized
approximating message passing based channel estimation for
RIS-aided THz communications with beam split,” in Proc.
IEEE 99th Veh. Technol. Conf., Singapore, 2024, pp. 1–5,
doi: 10.1109/VTC2024-Spring62846.2024.10683198.

[12] J. Wu, S. Kim, and B. Shim, “Parametric sparse channel estimation for
RIS-assisted terahertz systems,” IEEE Trans. Commun., vol. 71, no. 9,
pp. 5503–5518, Sep. 2023, doi: 10.1109/TCOMM.2023.328575.

[13] W. Yang, R. Liu, W. Cai, M. Li, and Q. Liu, “Channel estimation
and pilot allocation for practical RIS-aided wideband OFDMA
systems,” in Proc. IEEE Int. Conf. Commun., Rome, Italy, 2023,
pp. 4347–4352, doi: 10.1109/ICC45041.2023.10279798.

[14] C. Nguyen, T. M. Hoang, and A. A. Cheema, “Channel estimation
using CNN-LSTM in RIS-NOMA assisted 6G network,” IEEE
Trans. Mach. Learn. Commun. Netw., vol. 1, pp. 43–60, 2023,
doi: 10.1109/TMLCN.2023.3278232.

[15] K. Kim and C. S. Hong, “Pruned autoencoder based mmWave channel
estimation in RIS-assisted wireless networks,” in Proc. 23rd Asia-
Pacific Netw. Oper. Manag. Symp. (APNOMS), Takamatsu, Japan,
2022, pp. 1–4, doi: 10.23919/APNOMS56106.2022.9919942.

[16] A. Abdallah, A. Celik, M. M. Mansour, and A. M. Eltawil, “RIS-
aided mmWave MIMO channel estimation using deep learning and
compressive sensing,” IEEE Trans. Wireless Commun., vol. 22, no. 5,
pp. 3503–3521, May 2023, doi: 10.1109/TWC.2022.3219140.

[17] B. Wang et al., “Spatial-wideband effect in massive MIMO with
application in mmWave systems,” IEEE Commun. Mag., vol. 56,
no. 12, pp. 134–141, Dec. 2018, doi: 10.1109/MCOM.2018.1701051.

[18] S. Ma, W. Shen, J. An, and L. Hanzo, “Wideband channel esti-
mation for IRS-aided systems in the face of beam squint,” IEEE
Trans. Wireless Commun., vol. 20, no. 10, pp. 6240–6253, Oct. 2021,
doi: 10.1109/TWC.2021.3072694.

[19] H. Ozen, O. Yilmaz, and G. M. Guvensen, “Beam-squint-aware
channel estimation for dual-wideband UPA-type RIS-aided mas-
sive MIMO,” IEEE Commun. Lett., vol. 28, no. 10, pp. 2367–2371,
Oct. 2024, doi: 10.1109/LCOMM.2024.3446320.

[20] A. Abdallah, A. Celik, M. M. Mansour, and A. M. Eltawil, “Deep-
learning based channel estimation for RIS-aided mmWave systems
with beam squint,” in Proc. IEEE Int. Conf. Commun. (ICC), 2022,
pp. 1269–1275, doi: 10.1109/ICC45855.2022.9839142.

[21] S. Yang, C. Xie, W. Lyu, B. Ning, Z. Zhang, and C. Yuen, “Near-
field channel estimation for extremely large-scale reconfigurable
intelligent surface (XL-RIS)-aided wideband mmWave systems,” IEEE
J. Sel. Areas Commun., vol. 42, no. 6, pp. 1567–1582, Jun. 2024,
doi: 10.1109/JSAC.2024.3389120.

4816 VOLUME 6, 2025

http://dx.doi.org/10.1109/APS/URSI47566.2021.9704068
http://dx.doi.org/10.1109/OJCOMS.2020.3036839
http://dx.doi.org/10.1109/TCOMM.2013.020413.110848
http://dx.doi.org/10.1109/TCOMM.2024.3403474
http://dx.doi.org/10.1109/TVT.2022.3229832
http://dx.doi.org/10.1109/TCOMM.2024.3455241
http://dx.doi.org/10.1109/TCOMM.2025.3558504
http://dx.doi.org/10.1109/JIOT.2024.3443640
http://dx.doi.org/10.1109/LWC.2024.3368652
http://dx.doi.org/10.1109/TVT.2024.3522940
http://dx.doi.org/10.1109/VTC2024-Spring62846.2024.10683198
http://dx.doi.org/10.1109/TCOMM.2023.328575
http://dx.doi.org/10.1109/ICC45041.2023.10279798
http://dx.doi.org/10.1109/TMLCN.2023.3278232
http://dx.doi.org/10.23919/APNOMS56106.2022.9919942
http://dx.doi.org/10.1109/TWC.2022.3219140
http://dx.doi.org/10.1109/MCOM.2018.1701051
http://dx.doi.org/10.1109/TWC.2021.3072694
http://dx.doi.org/10.1109/LCOMM.2024.3446320
http://dx.doi.org/10.1109/ICC45855.2022.9839142
http://dx.doi.org/10.1109/JSAC.2024.3389120


[22] Z. Li, Z. Gao, and T. Li, “Sensing user’s channel and location with
terahertz extra-large reconfigurable intelligent surface under hybrid-
field beam squint effect,” IEEE J. Sel. Topics Signal Process., vol. 17,
no. 4, pp. 893–911, Jul. 2023, doi: 10.1109/JSTSP.2023.3278942.

[23] Y. Wang, W. Zhang, Y. Chen, C.-X. Wang, and J. Sun, “Novel
multiple RIS-assisted communications for 6G networks,” IEEE
Commun. Lett., vol. 26, no. 6, pp. 1413–1417, Jun. 2022,
doi: 10.1109/LCOMM.2022.3163587.

[24] M. Liu, X. Li, B. Ning, C. Huang, S. Sun, and C. Yuen, “Deep
learning-based channel estimation for double-RIS aided massive
MIMO system,” IEEE Commun. Lett., vol. 12, no. 1, pp. 70–74,
Jan. 2023, doi: 10.1109/LWC.2022.3217294.

[25] T. C. Rapudu and O. O. Oyerinde, “Machine learning-based channel
estimation for multi-RIS-assisted mmWave massive-MIMO OFDM
system in a dynamic environment,” IEEE Trans. Wireless Commun.,
early access, Mar. 7, 2025, doi: 10.1109/TWC.2025.3546671.

[26] T. C. Rapudu and O. O. Oyerinde, “Joint CFO and channel estimation
for multi-RIS-assisted mmWave massive-MIMO OFDM system in a
dynamic environment,” IEEE Trans. Veh. Technol., to be published.

[27] S. Yang, W. Lyu, Y. Xiu, Z. Zhang, and C. Yuen, “Active
3D double-RIS-aided multi-user communications: Two-timescale-
based separate channel estimation via Bayesian learning,” IEEE
Trans. Commun., vol. 71, no. 6, pp. 3605–3620, Jun. 2023,
doi: 10.1109/TCOMM.2023.3265115.

[28] J. Chen, Y.-C. Liang, H. V. Cheng, and W. Yu, “Channel estimation
for reconfigurable intelligent surface aided multi-user mmWave
MIMO systems,” IEEE Trans. Wireless Commun., vol. 22, no. 10,
pp. 6853–6869, Oct. 2023, doi: 10.1109/TWC.2023.3246264.

[29] X. Ma, F. Yang, S. Liu, J. Song, and Z. Han, “Design and
optimization on training sequence for mmWave communications: A
new approach for sparse channel estimation in massive MIMO,” IEEE
J. Sel. Areas Commun., vol. 35, no. 7, pp. 1486–1497, Jul. 2017,
doi: 10.1109/JSAC.2017.2698978.

[30] Z. Zhou, J. Fang, L. Yang, H. Li, Z. Chen, and R. S. Blum, “Low-rank
tensor decomposition-aided channel estimation for millimeter wave
MIMO-OFDM systems,” IEEE J. Sel. Areas Commun., vol. 35, no. 7,
pp. 1524–1538, Jul. 2017, doi: 10.1109/JSAC.2017.2699338.

[31] B. P. S. Sahoo, S. Narang, P. Jain, D. Kumar, and
S. K. Vankayala, “Mobility-aware hybrid channel estimation
scheme for RIS-aided millimeter-wave systems,” in Proc. IEEE
Int. Conf. Electron., Comput. Commun. Technol., 2022, pp. 1–5,
doi: 10.1109/CONECCT55679.2022.9865721.

[32] Z. Huang, C. Liu, Y. Song, H. Wang, H. Zhou, and S. Shen,
“Manifold optimization empowered two-timescale channel estimation
for RIS-assisted systems,” IEEE Trans. Veh. Technol., vol. 73, no. 10,
pp. 15034–15048, Oct. 2024, doi: 10.1109/TVT.2024.3405955.

[33] C. Hu, L. Dai, S. Han, and X. Wang, “Two-timescale channel
estimation for reconfigurable intelligent surface aided wireless com-
munications,” IEEE Trans. Commun., vol. 69, no. 11, pp. 7736–7747,
Nov. 2021, doi: 10.1109/TCOMM.2021.3072729.

[34] J. Sun, L. Zhao, C. Liu, and Y. Gao, “Sensing-based two-
timescale channel estimation for ris-assisted hybrid millimeter wave
systems,” in Proc. Int. Symp. Wireless Commun. Syst., Hangzhou,
China, 2022, pp. 1–6, doi: 10.1109/ISWCS56560.2022.9940404.

[35] K. Zhi et al., “Two-timescale design for reconfigurable intelligent
surface-aided massive MIMO systems with imperfect CSI,” IEEE
Trans. Inf. Theory, vol. 69, no. 5, pp. 3001–3033, May 2023,
doi: 10.1109/TIT.2022.3227538.

[36] X. Wei, D. Shen, and L. Dai, “Channel estimation for RIS assisted
wireless communications—Part II: An improved solution based on
double-structured sparsity,” IEEE Commun. Lett., vol. 25, no. 5,
pp. 1403–1407, May 2021, doi: 10.1109/LCOMM.2021.3052787.

[37] K. Zhang, W. Zuo, Y. Chen, D. Meng, and L. Zhang, “Beyond
a Gaussian denoiser: Residual learning of deep CNN for image
denoising,” IEEE Trans. Image Process., vol. 26, pp. 3142–3155,
2017, doi: 10.1109/TIP.2017.2662206.

[38] I. Goodfellow, Y. Bengio, and A. Courville, Deep Learning.
Cambridge, MA, USA: MIT Press, 2016. Accessed: Nov. 15, 2023.
[Online]. Available: https://www.deeplearningbook.org

[39] T. Young, D. Hazarika, S. Poria, and E. Cambria, “Recent
trends in deep learning based natural language processing [review
article],” IEEE Comput. Intell. Mag., vol. 13, no. 3, pp. 55–75,
Aug. 2018, doi: 10.1109/MCI.2018.2840738.

[40] Z. Mai and Y. Chen, “A CSI entropy-based estimation algorithm and
modified recurrent neural networks for time-varying non-stationary
channels,” IEEE Trans. Veh. Technol., vol. 73, no. 5, pp. 6614–6625,
May 2024, doi: 10.1109/TVT.2023.3339706.

[41] X. Han, Z. Jiao, P. Liang, and J. Fan, “A joint time-varying channel
estimation based on compressive sensing and LSTM,” in Proc.
IEEE 95th Veh. Technol. Conf., Helsinki, Finland, 2022, pp. 1–5,
doi: 10.1109/VTC2022-Spring54318.2022.9860883.

[42] A. Alkhateeb, “DeepMIMO: A generic deep learning dataset for
millimeter wave and massive MIMO applications,” in Proc. Inf. Theory
Appl. Workshop (ITA), 2019, pp. 1–8.

[43] Z. He, L. Zhou, Y. Yang, Y. Chen, X. Ling, and C. Liu, “Compressive
sensing-based channel estimation for FBMC-OQAM system under
doubly selective channels,” IEEE Access, vol. 7, pp. 51150–51158,
2019, doi: 10.1109/ACCESS.2019.2898896.

THABANG C. RAPUDU received the B.Eng. and
M.Eng. degrees in electrical and electronic engi-
neering from the University of Johannesburg,
South Africa, in 2022 and 2023, respectively. He
is currently pursuing the Ph.D. degree in electrical
and information engineering with the University
of the Witwatersrand, South Africa, where he
is currently a Sessional Lecturer for courses on
Microprocessors and Signals and Systems. His
current research interests are, but not limited
to signal processing, information theory, 5G/6G

technologies, and the application of machine learning techniques for wireless
communication systems. He has been a member of the Golden Key
International Honour Society since 2023. He has done reviews for IEEE
TRANSACTIONS ON COGNITIVE COMMUNICATIONS AND NETWORKING,
IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY, and IEEE Wireless
Africa Conference 2025.

OLUTAYO O. OYERINDE (Senior Member, IEEE)
received the Ph.D. degree in electronic engineering
from the University of Kwazulu-Natal, Durban,
South Africa, in 2011. He has been with the
School of Electrical and Information Engineering,
the University of the Witwatersrand, Johannesburg,
South Africa, since 2013, where he is currently an
Associate Professor. His current research interests
include wireless communications with specific
interests in 5G and beyond 5G technologies,
and signal processing techniques for wireless

communication systems. He is a National Research Foundation C2-Rated
Scientist, a Registered Professional Engineer with the Engineering Council
of South Africa, a Registered Engineer with COREN, a Senior Member of
the Institute of Electrical and Electronics Engineer, and a Corporate Member
of NSE amongst others. He is an Associate Editor for IEEE ACCESS, IEEE
COMMUNICATIONS LETTERS, the Journal of the Franklin Institute, and the
Franklin Open. He is also an Editorial Member of the Editorial Board of
Wireless Communications and Control.

VOLUME 6, 2025 4817

http://dx.doi.org/10.1109/JSTSP.2023.3278942
http://dx.doi.org/10.1109/LCOMM.2022.3163587
http://dx.doi.org/10.1109/LWC.2022.3217294
http://dx.doi.org/10.1109/TWC.2025.3546671
http://dx.doi.org/10.1109/TCOMM.2023.3265115
http://dx.doi.org/10.1109/TWC.2023.3246264
http://dx.doi.org/10.1109/JSAC.2017.2698978
http://dx.doi.org/10.1109/JSAC.2017.2699338
http://dx.doi.org/10.1109/CONECCT55679.2022.9865721
http://dx.doi.org/10.1109/TVT.2024.3405955
http://dx.doi.org/10.1109/TCOMM.2021.3072729
http://dx.doi.org/10.1109/ISWCS56560.2022.9940404
http://dx.doi.org/10.1109/TIT.2022.3227538
http://dx.doi.org/10.1109/LCOMM.2021.3052787
http://dx.doi.org/10.1109/TIP.2017.2662206
http://dx.doi.org/10.1109/MCI.2018.2840738
http://dx.doi.org/10.1109/TVT.2023.3339706
http://dx.doi.org/10.1109/VTC2022-Spring54318.2022.9860883
http://dx.doi.org/10.1109/ACCESS.2019.2898896


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Helvetica
    /Helvetica-Bold
    /HelveticaBolditalic-BoldOblique
    /Helvetica-BoldOblique
    /Helvetica-Condensed-Bold
    /Helvetica-LightOblique
    /HelveticaNeue-Bold
    /HelveticaNeue-BoldItalic
    /HelveticaNeue-Condensed
    /HelveticaNeue-CondensedObl
    /HelveticaNeue-Italic
    /HelveticaNeueLightcon-LightCond
    /HelveticaNeue-MediumCond
    /HelveticaNeue-MediumCondObl
    /HelveticaNeue-Roman
    /HelveticaNeue-ThinCond
    /Helvetica-Oblique
    /HelvetisADF-Bold
    /HelvetisADF-BoldItalic
    /HelvetisADFCd-Bold
    /HelvetisADFCd-BoldItalic
    /HelvetisADFCd-Italic
    /HelvetisADFCd-Regular
    /HelvetisADFEx-Bold
    /HelvetisADFEx-BoldItalic
    /HelvetisADFEx-Italic
    /HelvetisADFEx-Regular
    /HelvetisADF-Italic
    /HelvetisADF-Regular
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Times-Bold
    /Times-BoldItalic
    /Times-Italic
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryITCbyBT-MediumItal
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Recommended"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


