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A B S T R A C T   

The Intelligent reflecting surfaces (IRSs) have been established to show the capability to enhance spectral and 
energy efficiency by using the passive beamforming at the IRS point and joint optimization of the active 
beamforming at the base station (BS). However, in the smart wireless environments in which mostly passive RISs 
are deplored the estimation of the channel state estimation is challenging. This paper, therefore, aims to propose 
a channel estimation scheme with an improved performance in comparison with some other recently proposed 
estimation schemes. The proposed channel estimation scheme employs the hybrid strategy to combine the 
improved versions of traditional Orthogonal Matching Pursuit (OMP) and Subspace Pursuit (SP) compressive 
sensing algorithms as a basis for the proposed estimator. The proposed estimator, through computer simulations, 
shows improved performance when compared with the other four channel estimators that were recently docu
mented in literature though with a slightly high computational complexity cost.   

1. Introduction 

The Intelligent reflecting surface (IRS) is a planar array, and it con
sists of a large number of low-cost as well as low-complexity metal patch 
elements. The new device has been proposed as one of the front-runner 
technologies to solve the challenging constraints of future wireless 
communications, particularly, the sixth-generation (6G) wireless 
communication systems. In [1], the concept of “Wireless 2.0”, known as 
the smart radio environment (SRE) or the intelligent radio environment 
(IRE) is documented. This concept aims to overcome the challenges 
associated with fifth-generation (5G) wireless networks by turning the 
wireless setting into an optimization variable to enable the joint pro
gramming and controlling of both the transmitters and the receivers. 
This new IRS technology has gained attention in the field of radio 
research for the implementation of the SREs due to its capacity to render 
the wireless environment configurable and adjustable. 

In its earlier introduction to the field of radio research [2–6], the IRS 
technology was demonstrated to have the capability to improve energy 
and spectral efficiency using the passive beamforming at the IRS point 
and joint optimization of the active beamforming at the base station 
(BS). In the documented works, perfect knowledge of channel state in
formation (CSI) was assumed. However, the knowledge of CSI and/or its 

estimation is quite challenging in smart wireless environments in which 
the RIS elements are mostly passive. This difficulty in estimating the CSI 
in such a scenario is because the passive IRS can neither send nor receive 
pilot symbols. In IRS-assisted wireless communication networks, there 
exists a direct channel between the BS and the user equipment (UE) in 
addition to the IRS-based channels, thereby introducing two forms of 
channels that are involved in these networks. For coherent detection of 
transmitted signals and to maximally benefit from the full potential of 
IRSs, accurate CSI is required in the networks However, the passive IRS- 
based elements could not perform such estimations. Hence, the problem 
of estimation of the CSI scaled down to the estimation of the cascaded 
channel between the BS and the UE via the IRS. Aside from this, the large 
size of the IRS increases the burden of CSI estimation on the networks. 
There have been some works reported in literature where the issues of 
channel estimation in IRS-supported wireless communication networks 
were considered. Some of these are presented in the following. 

The authors in [7] proposed a minimum-mean-square-error (MMSE)- 
based channel technique for the double-IRS supported single-input- 
multiple-output (SIMO)-based single-user system, while in [8] the 
cascaded channel coefficients were estimated one at a time by switching 
on just one IRS reflecting element at a particular time. The authors in [9] 
proposed a channel estimation by reducing the Cramer-Rao lower bound 
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(CRLB) under constraints such as IRS attenuation and phase quantiza
tion in an IRS-based multiple input single output (MISO) system. These 
various linear algorithm-based channel estimation schemes are known 
for their poor performances. Besides, these methods do not exploit the 
inherent sparsity in the wireless channel. The two IRS-assisted multi- 
user MISO systems-based works in [10] and [11] used the correlation 
amidst the reflected. 

Channel coefficients to minimize the required training overhead. The 
problem of error propagation for the scheme in [10] was addressed in 
[11]. The authors in [12] employed subspace-based techniques to esti
mate all the cascaded IRS channels in the distributed IRS-supported 
mmWave MIMO systems. But the cascaded channel is well known for 
its large size. A two-stage channel estimation technique that is based on 
deep learning in mmWave communication is proposed in [13], while the 
authors in [14] put forward a deep-learning mechanism for the esti
mation of IRS-supported integrated sensing and communication (ISAC) 
channel. The deep earning technique is known to be quite expensive. 
The authors in [15] used the channels’ low-rank structure in large multi- 
input multi-output (MIMO) wireless networks and crafted the reflected 
channel estimation problem in a joint sparse matrix factorization form. 
The works presented [16] and [17] further configured the channel 
estimation concept as a sparse channel matrix recovery problem 
employing the compressive sensing (CS) method. Compressive sensing- 
based orthogonal matching pursuit (OMP) is employed in [18] while the 
sparsity in mmWave channels was exploited for the proposed scheme. 
Though the OMP algorithm is computationally intensive, its perfor
mance is not too attractive. The authors of the work presented in [19] 
directed their efforts towards the estimation of the spatial channel 
covariance matrix (CCM) in IRS-mmWave system communication sys
tems. For IRS-assisted mmWave MIMO systems, a hybrid multiobjective 
evolutionary optimization method combined with CS techniques is 
proposed in [20] as a sparse channel estimation scheme. The authors in 
[21] suggested an offset learning (OL)-based neural network for channel 
estimation in order to estimate the indoor channels with a reasonable 
piloting overhead. Finally, in [22] two versions of the OMP algorithms 
are employed in the proposed channel estimation schemes for the IRS- 
based mmWave system communication systems. The least computa
tionally intensive method exhibits poorer performance in comparison 
with the technique with higher computational complexity cost as 
compared with the traditional OMP-based estimation technique. 

In this paper, the idea documented in [22] is revisited by developing 
a more robust channel estimation scheme for the same IRS-based 
mmWave communication systems that operate in the frequency range 
of 30 GHz and 300 GHz. The specific contributions of this paper are 
itemized as follows.  

i. The properties of Kronecker products are utilized to convert the 
IRS-aided mmWave channel into a sparse signal recovery 
problem.  

ii. A hybrid form of compressive sensing algorithm is formulated. 
iii. A channel estimation scheme mechanism based on the formu

lated hybrid compressive sensing algorithm is developed.  
iv. Comparative complexity costs of the proposed estimator and the 

other estimators considered in this paper are analyzed and 
documented. 

The rest of the paper is organized as follows. Section II documents the 
system model and the modeling of the sparse channel. In Section III the 
proposed hybrid compressive sensing-based channel estimation method 
is presented. The computer simulation procedure is described in Section 
IV together with obtainable simulation results. Section V contains the 
conclusion drawn from the presented results of the proposed estimation 
method. 

2. System model and sparse channel formulation 

Under this section, the IRS-based system model, the channel model, 
and the sparse formulation for the considered IRS system are presented. 

2.1. The IRS System Model 

The considered IRS-supported downlink communication system 
model is shown in Fig. 1. Similarly to [18] and [22], in this paper it is 
assumed that the system is working in a single-cell network in which the 
IRS is employed to assist with the transmission of the information data 
from the base station (BS) to the single antenna-based user equipment. 
The number of BS antennas is NB, while the uniform planar array (UPA)- 
based IRS has NS reflecting elements. In order to benchmark the results 
in this paper with those in [18] and [22], the received signal formulation 
is obtained by neglecting the direct link between the user equipment and 
the BS. Consequently, by representing the baseband transmitted symbol 
as x(t), the BS’s beamforming vector as w ∈ CNB×1, the channel that links 
the BS to the IRS as G ∈ CNB×NS , and the channel between the IRS and 
the user equipment as hr ∈ CNs×1, the received measurement signal y(t)
at the the t-th time index can be given as: 

y(t) = hH
r Θ(t)G wx(t)+ z(t). (1)  

In (1), with a lossless assumption for the IRS elements, Θ =

diag
(
ejθ1 , ejθ2 , ..., ejθNS

)
, θnS ∈ [0, 2π], and z(t) C N

(
0, σ2) denote additive 

white Gaussian noise. 

2.2. The IRS-supported downlink communication channel model 

In modelling the channel link between the IRS and the BS, G , an 
approach for modelling narrowband channels documented in [23] is 
employed from which G can be expressed as 

G =

̅̅̅̅̅̅̅̅̅̅̅
NBNs

κ

√
∑L− 1

l=0
αlar(φl,ψ l)a

H
t (ϕl). (2)  

In (2), the following are the descriptions of the parameters: κ is the 
average path loss for the link between the IRS and the BS, αl is the l-th 
path complex gain, φl is the azimuth angle of arrival (AOA), ψ l is the 
elevation AOA, ar stands for the response of the receive array vector, ϕl 
denotes the angle of departure (AOD), at represents the response of the 
transmit array vector, and L stands for the number of paths. Given that 
the IRS architecture is NS,x × NS,y uniform planar array [24], by using 
the Kronecker product operator, ⊗ , the receive array vector’s response 
can be expressed as 

ar(φl,ψ l) = ax(u) ⊗ ay(v), (3)  

where the vector parameters ax(u) and ay(u) can be expressed as 

ax(u) =

̅̅̅̅̅̅̅̅
1

NS,x

√
⎡

⎢
⎣1, ej2πu

λ , ej4πu
λ ,⋯, ej

2π(NS,x − 1)u
λ

⎤

⎥
⎦

T

, (4)  

ay(v) =

̅̅̅̅̅̅̅̅
1

NS,y

√
⎡

⎢
⎣1, ej2πv

λ , ej4πv
λ ,⋯, ej

2π(NS,y − 1)v
λ

⎤

⎥
⎦

T

. (5)  

In (4) and (5), the notations u and v are given as u≜dcos(ψ l), 
v≜dsin(ψ l)cos(φl), while d denotes the spacing of the antenna between 
neighbouring antenna elements, and λ stands for the wavelength of the 
signal. Due to the inherent sparsity nature of the mmWave, the dimen
sion of G in (1) is much larger than the number of paths L. Hence, G can 
assume the following form: 
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G =
(
Fx ⊗ Fy

)
ΞαFH

B ≜FSΞαFH
B , (6)  

in which FS = Fx ⊗ Fy ∈ CNs×NG . The parameters Fx and Fy are of the 
forms and dimensions given as Fx ∈ CNS,x×NG ,x and Fy ∈ CNS,y×NG ,y . Both 
Fx and Fy have their columns attaining a form of ax(u) and ay(v)
respectively, where u and v are extracted from a pre-discretized grid 
Ξα ∈ CNG ,S×MG . The notation Ξα is sparse and represents a diagonal 
matrix that contains L non-zero entries. These entries are equivalent to 
the path gains of the channel {αl}, in which NG ,S = NG ,x × NG ,y and 
Ns = NS,x × NS,y. The parameter FB in (6) is an overcomplete complex 
matrix with dimensions given as FB ∈ CNB×MG where MG ≥ NB. Each of 
the columns of FB has a form of at(ϕl), and ϕl are obtained from the pre- 
discretized grid. 

The next channel to be modelled is the link between the user and the 
IRS. By assuming that the exact AoA and AoD parameters are located on 
the discretized grid similarly to how G is modelled, the channel between 
the user and the IRS, hr, can be modelled as 

hr =

̅̅̅̅̅
Ns

x

√
∑Lʹ− 1

l=0

γlar(φl,ψ l). (7)  

In (7) parameters γl represents the l-th path complex gain, x denotes the 
path loss of the link between the user and the IRS, φl represents the 
azimuth angle of departure (AOD), ψ l stands for the elevation AOD. In 
the same vein, the channel between the IRS and the user exhibits sparse 
scattering characteristics, therefore the hr in (7) can assume the 
following form: 

hr = FSβ, (8)  

in which parameter β ∈ CNG is a sparse vector and has Lʹ non-zero en
tries. 

2.3. Channel sparsity formulation 

The IRS-supported downlink wireless communication channel spar
sity formulation goes as follows. The received measurement signal y(t)
in (1) can be expressed as 

y(t) = vH(t)diag
(
hH

r
)
G wx(t)+ z(t), (9)  

if v is denoted as v≜diag
[
ejθ1 , ejθ2 , ..., ejθNS

]H. In (9), the time-dependent 
v(t) represents the phase shift vector that is used at different time in

stances. If matrix H = diag
(

hH
r

)
G is defined as the cascaded channel 

that has dimension given as NS × NB, then (9) can be re-expressed as 

y(t) = vH(t)H w(t)x(t)+ z(t). (10)  

The cascaded channel matrix H , can further be expressed as: 

H = diag
(
hH

r
)
G = h*

r ⊚G , (11)  

in which the operator “⊚” stands for the Khatri-Rao product operator 
[25]. Inserting both equations (6) and (8) into (11) results in H having 
the following form 

H =
(
F*

Sβ*)⊚FS
(
ΞαFH

B
)
. (12)  

By using the equality property of the Khatri-Rao, (AC)⊚(BD) =

(A⊚B)(C ⊗ D), then (12) can be expressed as 

H =
(
F*

S⊚FS
)(

β* ⊗
(
ΞαFH

B
) )

. (13)  

Further, if the mixed-product property of Kronecker products, (AC)⊗
(BD) = (A ⊗ B)(C ⊗ D), is applied to (13), then matrix H assumes the 
form given as 

H =
(
F*

S⊚FS
)(
(β* ⊗ Ξα)

(
1 ⊗ FH

B
) )

= Q (β* ⊗ Ξα)FH
B . (14)  

Note that in (14), the expression 
(
1 ⊗ FH

B
)
= FH

B , and parameter Q =
(
F*

S⊚FS
)
. 

Remember that both β and Ξα are sparse, consequently, then (β* ⊗

Ξα) = Y ∈ CNG ,S×MG is also sparse, having L = L × Lʹ non-zero entries. In 
line with [18], the matrix Q ∈ C

Ns×N2
G ,S has a large number of columns 

that are redundant as a result of the transpose of the Khatri-Rao product 
operation. Hence, the matrix Q only has NG ,S unique columns, the first 
set of NG ,S columns of Q as Q̃ = Q

(
:,1 : NG ,S

)
. Consequently, (14) can 

be written as 

H = Q̃ YFH
B . (15)  

Note that as Q̃ represents that matrix formed by the NG ,S unique col
umns Q . Assuming that the training signal x(t) = 1, then if the following 
relationship operator “vec” [24] 

vec(XYZ) =
(
ZT ⊗ X

)
vec(Y) (16)  

is used, then (10) can be re-expressed as 

y(t) = vec
(
vH(t)H wx(t)

)
+ z(t) =

(
wT(t) ⊗ vH(t)

)
vec(H )+ z(t). (17) 

Fig. 1. Intelligent Reflecting Surface-Supported Downlink Communication System.  
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Insertion of (15) into (17) results in 

y(t) =
(
wT(t) ⊗ vH(t)

)
vec
(

Q̃ YFH
B

)
+ z(t). (18)  

Also, if the following mixed Kronecker matrix–vector product, 

vec
(
BVAT) = (A ⊗ B)vec(V), (19)  

is applied to vec
(

Q̃ YFH
B

)
, then vec

(
Q̃ YFH

B

)
assumes the following form 

vec
(

Q̃ YFH
B

)
=
(

Q̃ ⊗ FH
B

)
vec(Y) =

(
F*

B ⊗ Q̃

)
vec(Y). (20)  

Then, the substitution of (20) in (18) gives 

y(t) =
(
wT(t) ⊗ vH(t)

)(
F*

B ⊗ Q̃

)
vec(Y)+ z(t). (21)  

By defining F̃ , h , and W wv as 

F̃ =
(

F*
B ⊗ Q̃

)
, (22)  

h = vec(Y), (23)  

W wv =

⎡

⎣
wT(1) ⊗ vH(1)

⋮
wT(T) ⊗ vH(Tm)

⎤

⎦, (24)  

then if all the measurement signals y(t), for t = 1,2,⋯,T are stacked as 
y = [y(1), y(2), ..., y(Tm) ]

T, z = [z(1), z(2), ..., z(Tm) ]
T , (21) can be 

expressed as: 

y = W wv F̃ h + z. (25)  

Simplifying equation (25) further by expressing ψ as 

ψ = W wv F̃ , (26)  

then (25) can be re-expressed as 

y = ψh + z. (27)  

The parameter h in (27) is NG ,SMG vector with L = LLʹ sparse because 
both Ξ and β are sparse consequent upon the sparsity of the mmWave 
MIMO system. 

3. The hybrid compressive sensing-based channel estimation 
scheme 

The proposed hybrid compressive sensing-based channel estimation 
technique is presented in this section. It comprises of fusion of two 
constituent algorithms, the modified versions of the OMP and subspace 
pursuit (SP) algorithms. These two algorithms are briefly summarized as 
follows. 

3.1. Modified version of OMP (MvOMP) algorithm 

The first constituent part of the proposed channel estimation, the 
modified version of OMP is similar to the proposed method in [22], 
however, its output is the enhanced support set and thus the last step of 
the estimation in [22] is omitted. Its procedure is initialized with a-prior 
aiding information about the support set of the sparse signal which is not 
precise, represented as ξaid. If the support set of h is represented as ζ =
{

l : h l ∕= 0, l ∈
{
1, 2,3,⋯,NG ,SMG

}}
, this is used as the input into the 

algorithm alongside the received signal y, ψ , sparsity level L = LĹ , and 
ξaid. Hence, the main difference between the traditional OMP algorithm 
and the MvOMP algorithm is the employment of the a-prior aiding in
formation ξaid for the improvement of the traditional OMP operation. 

This is captured in Stage 3 of the MvOMP algorithm. The full description 
and operation of the MvOMP algorithm as employed in the proposed 
channel estimation scheme are captured in eight stages/steps. These 
different stages of the process in the modified version of the OMP al
gorithm include: 

Stage 1: The iteration i, the support set ζ, and the residual vector 

signal r are initialized as:i = 1 , and ζ̂
i=1

= ∅, and ri=1 = y. 
For i = i+1 do. 
Stage 2: Compute an initial estimate of the significant elements of 

the sparse signal: ̃ξ
i
←supp

(
ψTri,1

)
. 

Note that supp(y,m) represents the set of indices that are associated 
with the m highest amplitude elements of y. 

Stage 3: Compute the updated support set via the union of the initial 

estimate computed in Stage 2 and the ξaid as: ξi←ξ̃
i
∪ ζ̂

i− 1
∪ ξaid. 

Stage 4: Compute a temporal estimate of the sparse signal via the 

least square (LS) criterion as: h̃
ξ

i
←ψ

ξ
i†

y

; h̃
ξ

c,i
←0

, where ξc,i is the comple

ment of ξi, and (.)† is the Moore-Penrose pseudo-inverse. 
Stage 5: Compute the enhanced support set using the temporal es

timate in Stage 4 together with the knowledge of sparsity level and 

aiding information as: ξ
[C3Dabv]i 

←supp

(

h̃
ξ

i ,min(i,L )

)

. 

Stage 6: The residual signal is updated:.ri←y − ψ h̃
ξ

i
=

y − ψψ
ξ

i†
y 

Step 7: Determine the satisfaction of the stopping criterion condi
tion: if .

(
‖ri‖2 ≥ ‖ri− 1‖2

)
&&(i > (L + 1) )

Step 8: If the condition of the stopping criterion is met in Stage 7, 

End the iteration and Return .ζMvOMP← ξ
[C3Dabv]i 

3.2. The modified version of the SP (MvSP) Algorithm 

The other constituent of the proposed estimator is the modified 
version of the traditional SP algorithm. The main differences between 
the traditional SP algorithm and the MvSP algorithm are that in the 
MvSP algorithm a temporal support set of cardinality L is created (in 
Stage 1) and the side information, ξaid, that provides a-priori knowledge 
of the support set is used in union (in Stage 6) to enhance the perfor
mance of the MvSP algorithm. Hence, the full description and operation 
of the MvSP algorithm with ξaid used as input into the algorithm 
alongside ζ, y, ψ , and the sparsity level L = LLʹ are presented as follows. 

Stage 1: The iteration i, the support set ζ, and the residual vector 

signal r are initialized as:i = 1 , and ζ̂
i=1

= ∅, and ri=1 = y. 
For i = i+1 do. 
Stage 2: Compute an initial estimate of the significant elements of 

the sparse signal: ̃ξ
i
←supp

(
ψTri,L

)
. 

Stage 3: Compute the updated support set via the union of the initial 

estimate computed in Stage 2 as: ξi←ξ̃
i
∪ ζ̂

i− 1
. 

Stage 4: Compute a temporal estimate of the sparse signal via the 
least square (LS) criterion as: h̃

ξ
i
←ψ

ξ
i †

y

; h̃
ξ
c,i

←0
. 

Stage 5: Compute the enhanced support set using the temporal es
timate in Stage 4 together with the knowledge of sparsity level and 

aiding information as: ξ
[C3Dabv]i 

←supp

(

h̃
ξ

i ,L

)

. 

Stage 6: Further enhance the support set via the union of the aiding 

information and the set obtained in Stage 5 as: ϛi←ξ̃
i
∪ ξaid. 

Stage 7: Obtain the second stage of the sparse signal’s estimate via LS 
criterion as: ℏ̃ϛi←ψ

ϛi
†
y

. 

Stage 8: Compute the enhanced support set using the second stage 
estimate of the sparse signal obtained in Stage 7 together with the 
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knowledge of sparsity level: ϛ
[C3Dabv]i 

←supp
(

ℏ̃ϛi ,L

)

. 

Stage 9: The residual signal is updated:.ri←y − ψℏ̃ϛi
=

y − ψψ
ϛi†y 

Step 10: Determine the satisfaction of the stopping criterion condi
tion: if 

(
‖ri‖2 ≥ ‖ri− 1‖2

)
&&(i > (L + 1) ). 

Step 11: If the condition of the stopping criterion is met in Stage 7, 

End the iteration and Return ζMvSP← ϛ
[C3Dabv]i

. 

3.3. The hybrid compressive sensing-based channel estimation technique 

The section documents the proposed hybrid compressive sensing- 
based channel estimation scheme for the IRS-based mmWave commu
nication systems. The Iterative Hybrid-MvOMP-MvSP-Based Channel 
Estimator used the outputs (estimated side information of the sparse 
signal) of the two participating algorithms (MvOMP and MvSP) in 
hybrid strategy (fusion strategy). The uses of several compressive al
gorithms in fusion strategy are documented in literature where the 
hybrid strategy is iterative but without any theoretical justification. The 
proposed estimation scheme follows this procedure. The hybrid strategy 
comprises of a union of estimated support sets from the two constituent 

algorithms { ξ̈i← ζ̂
i
MvOMP ∪ ζ̂

i
MvSP}, a least-squares based estimation 

{ȟ
ξ̂

i ←ψ†

ξ̂
i y }, and detection of support-set {ξ̂

i 
←supp

(

h̃
ξ
i ,L

)

}. The idea 

is that the estimation of support set will be enhanced over the iterations. 
The estimator inputs are the parameters fed into its constituents as 

explained earlier, including the aiding information, ξaid, ζ, y, ψ, and the 
sparsity level L = LLʹ. The whole architecture consists of three seg
ments: the initialization, the hybrid strategy, and the estimation of the 
cascaded channel matrix H segments are described as follows. 

Iterative Hybrid-MvOMP-MvSP-Based Channel Estimator 
Input: y, the received signal, ψ , the sensing Matrix, sparsity level 

L = LĹ , and a-prior aiding information ξaid. 
Output: Reconstructed sparse channel .Ĥ 

Stage 1- Initialization: 

i←1, and ζ̂
i=1

←∅, and ri=1←y. 
Iteration: 
For i = i+1 do 

ζ̂
i
MvOMP←MvOMP(y,ψ,L , ξaid)

ζ̂
i
MvSP←MvSP(y,ψ ,L , ξaid)

Stage 2-Hybrid Strategy  

• Combine the support set outputs from the constituent algorithms via 

the union operator as: ξ̈i← ζ̂
i
MvOMP ∪ ζ̂

i
MvSP.  

• Obtain a temporal estimate of the sparse signal based on the hybrid 
of the initial support sets from the constituent algorithms as: h̃

ξ
i
←ψ†

ξ̈i
y
; 

h̃ξ̈c,i ←0. 
• Obtain a refined support set based on the initial sparse signal’s es

timate as ξ̂
i 

←supp

(

h̃
ξ

i ,L

)

.  

• Based on the new support set, finally estimate the sparse signal via 
the least square (LS) criterion as:ȟ

ξ̂
i ←ψ†

ξ̂
i y  

• Update the residual signal as:ri←y − ψȟ
ξ̂

i = y − ψψ†

ξ̂
i y  

• Determine if the stopping criterion condition is met: if 
(
‖ri‖2 ≥ ‖ri− 1‖2

)
&&(i > (L + 1) ).  

• End the iteration and Return ĥ←ȟ
ξ̂

i 

Stage 3: Estimation of H , the Cascaded Channel.  

• The cascaded channel matrix H is computed using (23) and (15) as:  
▪ Q̃ = Q

(
:, 1 : NG ,S

)
, where Q =

(
F*

S⊚FS
)
, and FS = Fx ⊗

Fy ∈ CNs×NG , with both Fx and Fy having their columns 
attaining a form of ax(u) and ay(v) respectively.  

▪ FB ∈ CNB×MG is as previously described with each of its 
columns having a form of at(ϕl). 

ĥ = vec(Y)

Y ∈ CNG ,S×MG =

⎡

⎢
⎢
⎣

ĥ1 ĥNG ,S+1 ⋯ ĥ(NG ,S×MG
)− NG ,S+1

ĥ2 ĥNG ,S+2 ⋯ ĥ(NG ,S×MG
)− NG ,S+2

⋮ ⋮ ⋮

ĥNG ,S ĥNG ,S×2 ⋯ ĥNG ,S×MG

⎤

⎥
⎥
⎦

Note that Y ∈ CNG ,S×MG which is sparse with only L = L × Lʹ non-zero 
entries can be reconstructed from ĥ by using the following command 
in MATLAB, reshape(ĥ, dimension of column,[ ]) as: 

Y ∈ CNG ,S×MG = reshape(ĥ,MG , [ ])

Ĥ = Q̃ YFH
B  

The main idea of the hybrid mechanism is that with the constituent al
gorithms using the aiding information, either of them will at least pro
duce a better support set. The proposed estimator also has the capability 
of enhancing the estimation of the sparse signal over the iteration cycles. 
In order to measure the performances of the proposed iterative hybrid- 
MvOMP-MvSP-based channel estimator, the normalized mean squared 
error (NMSE) metric, expressed as 

NMSE = E
{
‖(Ĥ − H )‖

2
F

/
‖(H )‖

2
F

}
, (28)  

is used, with E{.} denoting the expectation operator. In addition, the 
mean received signal power ratio, the ratio of the exact received signal 
power (when the message is transmitted via the estimated cascaded 
channel) to the perfect receive signal power (when the message passed 
through the ideal channel-the known cascaded channel) is also 
employed. By using the expression for the power of the received signal in 
[28], the mean received signal power ratio is expressed as 

Mean Received Signal Power Ratio = E
{

‖
(

ṽ
H

Ĥ w̃
)
‖

2

F

/

‖
(
vHH w

)
‖

2
F

}

.

(29)  

The precoding vectors w and w̃, and the phase shift vectors v and ̃v are 
computed by solving the optimization problem that aims to maximize 
the power of the received signal as [29] 

max
w,v

⃒
⃒vHH w

⃒
⃒2  

s.t.|w|
2
2 ≤ P, (30)  

max
w̃,̃v

⃒
⃒
⃒̃v

H
Ĥ w̃

⃒
⃒
⃒
2  

s.t.|w̃|
2
2 ≤ P, (31)  

where P is the maximum BS’ transmit power. 
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4. Computational complexity costs of the estimators 

This section provides the computational complexity costs of the 
proposed iterative hybrid-MvOMP-MvSP-based channel estimator as 
compared with the other estimators documented in this paper. The 
computational complexity cost of the OMP-based estimator and GAMP- 
based estimator are approximately of order O (TmNBNS) [18]. The 
remodelled − OMP based estimator [22] also exhibits computational 
complexity cost which is approximately equal to that of the OMP-based 
estimator, of order close to has O (TmNBNS)[22]. The Computational 
Efficient OMP-based estimator requires computational complexity order 
of O (TmNBlogNS), while the proposed hybrid MvOMP-MvSP-based 
channel estimator exhibits computation complexity that is, approxi
mately, twice the complexity cost of remodelled-OMP-based estimator, 
in the order of O (2(TmNBNS) ). To have some idea of the computational 
complexity costs of these estimators, numerical complexity cost values 
for fixed values of Tm = 110,NB = 16,NS = 64 are presented in Table 1. 

K. SIMULATION RESULTS. 
To document the achievable performance of the proposed hybrid 

compressive sensing-based channel estimation scheme for the IRS-based 
mmWave communication systems, some sets of simulations are 
executed. In the computer simulation, the proposed scheme is compared 
with the OMP-based scheme proposed in [18] (equally documented in 
[30] for both lossless and lossy IRS elements), the GAMP-based method 
in [18] (also documented in [31]), the Comp-Eff-OMP-based technique 
in [22] and the Remodelled-OMP-based method of [22]. The perfor
mances of all these schemes are benchmarked against the performance 
of the Oracle LS-based estimator that uses perfect information of the 
sparse signal’s support set. In the simulation procedure, the number of 
the BS’ antennas, assumed to be a uniform linear array (ULA), is set as 
NB = 16. The IRS which uses the UPA comprises of Ns = NS,x × NS,y =

8 × 8 passive reflecting elements, in which MG and NG ,S are set as MG =

64, and NG ,S = NG ,x × NG ,y = 32× 32. The parameters for the Comp- 
Eff-OMP-based technique, including the threshold value Thd ≤ 3, are 
set in line with [26]. Further, a Rician channel model with the Rician 
factor’s value of 13.2 dB [18] that makes up both the line of sight (LOS) 
path and very few non-line of sight (NLOS) paths is assumed according 
to [27]. The number of paths between the IRS and the BS is set as L = 3, 
while the number of paths between the user equipment and the IRS is 
fixed Lʹ = 3. Consequently, L = LLʹ = 9. Both the angle of departure 

(AoD) and angle of arrival (AoA) are uniformly obtained from U
[
− π

2,
π
2

]
. 

The first set of results shown in Fig. 2 examines the received signal 
power as the signal-to-noise ratio (SNR) is varied between − 10 dB and 
20 dB, based on the estimated cascaded channels using each of the es
timators, including the proposed hybrid compressive sensing estimator. 
While the Comp-Eff-OMP-based estimator shows the poorest perfor
mance throughout the SNR region, the proposed iterative hybrid 
compressive sensing estimator exhibits the best performance followed 
by the Remodelled-OMP-based scheme, GAMP-based scheme, and the 
OMP-based scheme respectively until the SNR of 10 dB. Beyond the SNR 
region beyond 10 dB, the performances of the three estimators: the 
Remodelled-OMP-based estimator, the GAMP-based estimator, and the 

OMP-based estimator seem to be the same but lower than that of the 
proposed iterative hybrid compressive sensing estimator. In Fig. 3, the 
performances of the estimation schemes in terms of the NMSE versus the 
SNR are shown. At the NMSE of 0.05, the proposed iterative hybrid 
compressive sensing scheme achieves better performance than the 
Remodelled-OMP-based estimator, GAMP-based estimator, the OMP- 
based estimator, and the Comp-Eff-OMP-based estimator by about 4 
dB, 6 dB, 10 dB, and 14 dB respectively, thus both the Remodelled-OMP- 
based estimator and the GAMP-based estimator are the two closely 
performing estimators to the proposed iterative hybrid compressive 
sensing estimator. 

In Fig. 4, the performances of the proposed iterative hybrid 
compressive sensing estimator in comparison with other estimators in 
terms of mean received signal power as the number of measurements, Tm 
employed increases from 10 to 110. At the number of measurements, 
Tm = 80, the proposed iterative hybrid compressive sensing estimator 
can achieve a mean received signal power of about 2450, while the other 
estimators, the Remodelled-OMP-based scheme, GAMP-based scheme, 
the OMP-based scheme, and the Comp-Eff-OMP-based scheme achieve 

Table 1 
Comparative computational complexity costs.  

Channel Estimation 
Scheme 

Complexity Cost’s 
Order 

Numerical-based Results (Tm =

110,NB = 16,NS = 64)

OMP [18,30] O (TmNBNS) ≈ 112640 
Comp-Eff-OMP [22] O (TmNBlogNS) ≈ 3178.9 
Remodelled-OMP  

[22] 
O (TmNBNS) ≈ 112640 

GAMP [18,31] O (TmNBNS) ≈ 112640 
Iterative-Hybrid- 

MvOMP-MvSP 
O (2(TmNBNS) ) ≈ 225280  

Fig. 2. Mean Receive Power Ratio vs SNR performance of the proposed itera
tive hybrid compressive sensing-based channel estimator in comparison with 
the other four estimators. 

Fig. 3. NMSE vs SNR performance of the proposed iterative hybrid compressive 
sensing-based channel estimator in comparison with the other four estimators. 
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mean received signal power of about 2420, 2400, 2390, and 2380 
respectively at the same number of measurements. In Fig. 5, the per
formances of the estimators in terms of NMSE versus the number of 
measurements are illustrated. In this figure, the proposed iterative 
hybrid compressive sensing estimator attains an NMSE of 0.05 with just 
60 number of measurement in comparison with the Remodelled-OMP- 
based scheme, GAMP-based scheme, the OMP-based scheme, and the 
Comp-Eff-OMP-based scheme that require 75, 80, 85, and 116 number 
of measurements respectively, to attain the same NMSE value. In com
parison with other estimators, the performance of the proposed 
Iterative-Hybrid-MvOMP-MvSP benefits from both the simultaneous use 
of constituent compressive sensing algorithms (by exploiting joint 
sparsity information), and the refined support set that is based on the 
outputs of the two constituent compressive sensing algorithms. The 
support set is enhanced over the iteration number. However, the 
Remodelled-OMP-based estimation scheme only used makes use of an 
initial support set to estimate the sparse signal, while initial support sets 
of both the OMP-based estimator and Comp-Eff-OMP-based estimator 
are initialized to an empty set. The GAMP-based estimator whose orig
inal derivation is based on the zero-mean Gaussian projection matrix 
hypothesis performs better than both OMP and Comp-Eff-OMP-based 

estimators. However, its performance is comparable with the 
Remodelled-OMP-based estimation scheme that uses an initial support 
set for estimation but is lower than that of the proposed Iterative- 
Hybrid-MvOMP-MvSP-based estimator. In order to have a pictorial 
glean of the comparative computational complexity cost exhibited by 
these estimators, Fig. 6 illustrates the numerical computational 
complexity cost of Table 1 with both NB and NS fixed at 16 and 64 
respectively, and Tm varied from 10 to 120. It can be observed that the 
Comp-Eff-OMP-based scheme exhibits the lowest computational 
complexity cost. The Remodelled-OMP-based scheme, GAMP-based 
scheme, and OMP-based scheme show approximately similar 
complexity costs. Naturally, by observing the proposed iterative hybrid 
compressive sensing estimator, it is expected to be computationally 
more demanding than its constituent algorithms: MvOMP and MvSP 
algorithms. As shown in Fig. 6, the proposed requires slightly higher 
computational complexity cost as Tm varied from 10 to 120 in com
parison with the Remodelled-OMP-based scheme, GAMP-based scheme, 
and OMP-based scheme.. 

In the results presented in Figs. 2-5, it is obvious that the proposed 
iterative hybrid compressive sensing-based estimation scheme exploits 
the hybrid constituent algorithms in combination with the usage of the 
side information by these constituent algorithms to enhance its perfor
mance, but with higher computational complexity cost. However, the 
choice of channel estimator scheme ultimately depends on the specific 
requirements of the application and the trade-off between computa
tional complexity and performance. If the estimation is to take place at 
the base station, computational complexity may be ignored. However, 
for the estimation processes at the user equipment, a trade-off between 
computational complexity and performance will take priority. 

5. Conclusion 

In this paper, the IRS-aided mmWave channel has been modelled 
into a sparse signal recovery problem with the aid of Kronecker prod
ucts’ properties. A hybrid compressive sensing algorithm is formulated 
and proposed as a channel estimator scheme for the IRS-based mmWave 
communication systems. The proposed iterative hybrid channel esti
mator, named iterative hybrid modified version of OMP (MvOMP)- 
modified version of SP (MvSP) based estimator, combined through 
hybrid strategy, the modified versions of traditional OMP and SP 
compressive sensing algorithms to form the hybrid algorithm. The 
proposed iterative hybrid compressive sensing-based estimator shows 

Fig. 4. Mean Receive Power Ratio vs Number of Measurement performance of 
the proposed iterative hybrid compressive sensing-based channel estimator in 
comparison with the other four estimators, SNR = 10 dB. 

Fig. 5. NMSE vs Number of Measurement performance of the proposed itera
tive hybrid compressive sensing-based channel estimator in comparison with 
the other four estimators, SNR = 10 dB. 

Fig. 6. Computational Complexity Cost versus Number of Measurements of the 
channel estimators. 
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improved performance over some previously proposed schemes for 
similar systems in literature- with the Remodelled-OMP-based scheme, 
the GAMP-based scheme, the OMP-based scheme, and the Comp-Eff- 
OMP-based estimator. Regarding the required cost in terms of compu
tational complexity, the Comp-Eff-OMP-based estimator that shows 
poor performance is the scheme with the least computational 
complexity cost. Though the proposed iterative hybrid MvOMP-MvSP- 
based estimator exhibits a slightly higher computational complexity 
cost than the Remodelled-OMP-based scheme, GAMP-based scheme, 
and the OMP-based scheme, its improved performance should make it 
the estimation scheme of choice, especially with advancement in the 
field of microprocessors for user equipment. Further, the proposed 
scheme could be considered a choice estimation method for channel 
estimation processes at the BS, where computation complexity cost be 
ignored. However, in a situation where a trade-off between performance 
and computational complexity cost is to be considered, the proposed 
iterative hybrid compressive sensing-based estimation scheme could 
execute the least performing constituent algorithm, either MvOMP or 
MvSP, once while the best-performing constituent is executed in itera
tive mode as presented. The outcomes of this mode of operation are 
worth investigating in a future work.. In addition, given that the sce
nario considered in this paper assumed that IRS elements were lossless, 
it will be worthwhile to investigate the effects of IRS lossy elements, as 
well as their failures and misalignments, on channel estimation tech
niques in a future work. 
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