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Abstract—Reconfigurable intelligent surface (RIS) is recently
developed to enhance signal coverage and mitigate signal ob-
struction by altering the channel propagation environment in
the MIMO communication system. The semi-passive RIS-aided
MIMO system further includes some active elements in the
RIS to sense the channel information and improve the channel
estimation capability. By using the received signals at the RIS and
base-station (BS), the compressive sensing technique can be used
to estimate the channel-state-information based on the channel
sparsity. This paper proposes a separate channel estimation
algorithm for both user-RIS and RIS-BS channels. The matrix
inverse bypass method was used to avoid massive matrix inver-
sions in the reconstruction algorithm. Final simulation results
show that the proposed algorithms achieve 10.96% and 95.73%
complexity reduction for user-RIS and RIS-BS channels while
still maintaining better channel estimation performance.

Index Terms—Compressive sensing, Channel estimation, Re-
configurable intelligent surface.

I. INTRODUCTION

In 5G mmWave systems, the radio wave suffers severe path
loss and limited scattering, which easily causes communication
blackouts in non-line-of-sight scenarios. To address these
issues, reconfigurable intelligent surface (RIS) technique [1],
[2] was recently proposed to solve this problem by using
an array of passive reflective elements to control the phase
and amplitude of radio waves, thereby focusing and directing
the impinging signal beam to the receiver. Accurate channel
estimation becomes one of the primary challenges to ensure
the optimal reflection coefficients because the passive RIS has
no baseband processing capability. Thus, the semi-passive RIS
includes some active elements with RF chains to increase
the channel estimation capability and reduce the channel
estimation difficulty [3] [4] .

In the semi-passive RIS-aided system, active sensing nodes
in RIS acquire more channel information to derive more pre-
cise beamforming and dynamic adaptation in rapidly changing
environments. Although this approach increases computational
complexity and pilot overhead, it significantly benefits control
and performance. The least squares (LS) and linear minimum
mean square error (LMMSE) RIS channel estimation requires
low complexity [5] [6], but they require more training informa-
tion to derive accurate channel information, leading to higher
pilot overhead. The compressive sensing (CS)-based algorithm
leverages the sparsity of wireless channels, so it only requires
a small amount of measurement data and pilots for channel
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Fig. 1: The semi-passive RIS-aided communication system.

estimation. The most important of all, CS-based algorithms
can derive more accurate channel information than linear
methods. Thus, this paper aims to develop low-complexity
CS-based separate channel estimation algorithms for semi-
passive RIS-aided MIMO systems. The proposed algorithm
can provide a more accurate channel estimation performance
with lower computational complexity than other available
algorithms.

The rest of this paper is organized as follows. Section II
introduces the channel estimation in the semi-passive RIS-
aided MIMO system. Section III presents the proposed sepa-
rate channel estimation algorithms. Section IV shows the re-
sults of estimation performance and computational complexity.
Finally, Section V concludes this paper.

II. SEMI-PASSIVE RIS-AIDED MMWAVE MIMO SYSTEMS

Figure 1 shows an RIS-aided MIMO uplink system, in
which a BS with M antennas communicates with U users
with single antennas and a semi-passive RIS with N reflective
elements is deployed between the BS and users. The channels
from the u-th user to RIS (hu ∈ CN×1) and from RIS to BS
(Fu ∈ CM×N ) are assumed to be quasi-static block-fading.
Saleh-Valenzuela channel model [7] is used to simulate the
sparse propagation channel and is represented by

hu =

√
N

L1

L1∑

p=1

βu,p a(ψz
u,p, ψ

y
u,p) (1)

F =

√
MN

L2

L2∑

p=1

αp a(ϕz
p, ϕ

y
p) a

H(θz
p, θ

y
p) (2)

where L1 and L2 are the number of paths of the user-
RIS channel and RIS-BS channel, and αp and βu,p are the
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complex gains of subpaths of these two channels. Moreover,
a represents the array steering vector, ψz/y

u,p represents the angle
of arrival (AoA) for the p-th path in the u-th user-RIS channel,
ϕz/y
p represents the AoA of RIS-BS channel, and θz/y

p represents
the angle of departure (AoD) of RIS-BS channel, where the
superscript z denotes the elevation angle and y denotes the
azimuth angle.The UPA steering vector of RIS is expressed
by

a(θ, ϕ) =

√
1

NzNy
ejπ cos θ nz

λ d ⊗ ejπ sin θ sinϕ
ny
λ d (3)

where nz = [0, 1, . . . , Nz − 1]T and ny = [0, 1, . . . , Ny − 1]T

[8]. Nz and Ny indicate the number of array elements along
the z-axis and y-axis, respectively. θ and ϕ correspond to the
elevation and azimuth angles, respectively. In equation (3), the
symbol λ denotes the wavelength of the carrier. d represents
the spacing between the antennas/reflecting elements, and it
is given by d = λ

2 . The reflection coefficients of semi-passive
RIS is expressed by v = [ejθ1 , ..., ejθN ] ∈ CN×1. The semi-
passive RIS has some active sensing elements represented by
random vectorized sampling vector g(i) ∈ RN×1 is 0 for i /∈
Ω and 1 for ∈ Ω.

A. System Model

1) User-RIS Channel Estimation: In channel estimation
phase, Q subframes are used for RIS and T symbol durations
are used for each user in each subframe, where T ≥ U . We
denote the reflection coefficient of the RIS in the q-th subframe
as vq , and the orthogonal pilot sequence of the u-th user as
sHu . Then, the received signal at RIS in the q-th subframe
becomes yR

q =
∑U

u=1 (vq ⊙ gq)
Hhus

H
u + nq , where nq is

noise vector. Then, the signals received from the Q subframes
for all users become YR =

∑U
u=1 (V ⊙G)Hhus

H
u + N,

where V = [v1, ...,vQ] ∈ CN×Q, G = [g1, ...,gQ] ∈ RN×Q,
N = [n1, ...,nQ] ∈ CQ×T .Using the pilot sequence orthogo-
nality, the u-th user received signal is

ỹR
u =

1

σ2
pT

YRsu = (V ⊙G)Hhu + ñu. (4)

Then, the user-RIS channel estimation problem is

ĥu = argmin
hu

∥ỹR
u − (V ⊙G)Hhu∥22, for u = 1, ..., U. (5)

2) RIS-BS Channel Estimation: The received signal at the
BS in the q-th subframe is YB

q =
∑U

u=1 F diag(hu)vqs
H
u +

Wq,u. By utilizing the pilot sequence orthogonality, the u-th
user’s received signal is yB

q,u = 1
σ2
pT

YB
q su = F diag(hu)vq +

w̃q,u. The u-th user’s received signals in Q subframes is

ỸB
u = [yB

1,u,y
B
2,u, ..,y

B
Q,u] = F diag(hu)V + W̃u (6)

where W̃u = [w̃1,u, w̃2,u, ..., w̃Q,u] ∈ CM×Q is the noise
matrix. The received signals of all users in Q subframes
becomes

ỸB = F[diag(h1)V, diag(h2)V, ..., diag(hU )V] + W̃. (7)

The RIS-BS channel estimation can be expressed as

F̂u = argmin
F

∥ỸB
u − Fdiag(hu)V∥2F . (8)

The final estimated channel is the average of all solutions from
all users’ reflected signals. This can be expressed as

F̂ =
1

U

U∑

u=1

F̂u. (9)

B. Problem Reformulation with Virtual Angular Channel

To exploit the channel sparsity for CS-based channel estima-
tion, we can express the u-th user-RIS and RIS-BS channels
by hu ≈ Atζu and F ≈ ArΞA

H
t , respectively, where

At ∈ CN×Gt is the dictionary of the RIS’s AoA/AoD,
Ar ∈ CM×Gr is the dictionary of the BS’s AoA, Gt is the
dictionary size of RIS’s AOA/AoD, and Gr is the dictionary
size of BS’s AoA. The ζu ∈ CGt×1 and Ξ ∈ CGr×Gt are the
approximate sparse angular channels.The dictionary At and
Ar can be expressed as follows [8]

At = [a(θ1, ϕ1), ..,a(θ1, ϕκ
√
N ), ..,a(θκ

√
N , ϕκ

√
N )] (10)

Ar = [a(θ1, ϕ1), ..,a(θ1, ϕκ
√
M ), ..,a(θκ

√
M , ϕκ

√
M )] (11)

where κ is the oversampling rate. The user-RIS channel
estimation problem becomes

ζ̂u = argmin
ζu

∥ζu∥0, s.t. ∥ỹR
u −Φζu∥22 < ϵ (12)

where Φ = (V ⊙G)HAt, ϵ is the tolerance, and the recon-
structed channel of u-th user can be stated as ĥu = Atζ̂u.
Similarly, the RIS-BS channel estimation can be expressed as

Ξ̂ = argmin
Ξ

∥Ξ∥0, s.t. ∥ỸB −ArΞ
̂̈Θ∥2F < ϵ, (13)

where ̂̈Θ = [diag(ĥ1)V, diag(ĥ2)V, . . . , diag(ĥU )V], and
ĥu is the estimated user-RIS channel vector obtained from
backhaul link. Then, we apply the tensor mode-n product
property, and the problem can be formulated as

Ξ̂ = argmin
Ξ

∥Ξ∥0, s.t. ∥ỸB −Ξ×1 Ar ×2
̂̈Θ

H

∥2F < ϵ,

(14)

Finally, the RIS-BS channel can derived by F̂ = ArΞ̂AH
t .

III. PROPOSED CHANNEL ESTIMATION ALGORITHMS

A. User-RIS Channel Estimation

The look ahead orthogonal matching pursuit (LAOMP)
[9] was presented to improve the performance of orthogonal
matching pursuit (OMP) by using the look ahead strategy to
obtain better performance. For each iteration, LAOMP selects
L atoms in the sensing matrix Φ with the least matching
residual in remaining candidate atoms. In LAOMP algorithm,
the time-consuming step is to calculate pseudo inverse of
selected atom matrix ΦIk

from the dictionary Φ in the k-th
iteration which is shown in [9].

zk = Φ†
Ik
y = (ΦH

Ik
ΦIk

)−1 ΦH
Ik
y = G−1

Ik,Ik
ΦH

Ik
y (15)
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where GIk,Ik
= ΦH

Ik
ΦIk

∈ C|Ik|×|Ik|. We apply the Schur-
Banachiewicz block-wise matrix inverse [10] to realize the
pseudo inverse of matrix ΦIk

Then, the reformulated solution
in the k-th iteration of LAOMP can be expressed as

zk = G−1
Ik,Ik

ΦH
Ik
y (16)

=

[
G−1

Ik−1,Ik−1
+ VAHA −VAH

−VA V

][
ΦH

Ik−1y

ΦH
ik
y

]

=

[
zk−1 + VAHQ

−V Q

]
,

where A = Gik,Ik−1
G−1

Ik−1,Ik−1
, V = 1

Gik,ik
−AGIk−1,ik

and

Q = AΦH
Ik−1

y −ΦH
ik
y. Besides, the matching term αk can

be rewritten as

αk = ΦHrk = αk−1 −GIk

[
VAHM
−VM

]
, (17)

where αk−1 = ΦHy−ΦHΦIk−1
zk−1, and GIk

= ΦHΦIk
.

The pseudo-inverse matrix G−1
Ik,Ik

, zk and αk are iteratively
updated based on the results in the previous iteration, thereby
avoiding matrix inversion and reducing complexity. The com-
plete MIB-LAOMP algorithm is summarized in Algorithm 1
along with the residual updating subfunction in Algorithm 2.

Algorithm 1 Matrix Inverse Bypass Look Ahead Orthogonal
Matching Pursuit (MIB-LAOMP)

Input: sensing matrix Φ ∈ CQ×Gt , G = ΦHΦ ∈ CGt×Gt

,measurement vector y ∈ CQ, target sparsity K, look
ahead parameter L ≤ K.

Output: reconstructed signal ζu ∈ CGt , where ζu(I) = zK .
n = [n1, ..., nL]

T , j = [j1, ..., jL]
T .

1: Initialization
1) z0 = 0;
2) α0 = ΦHy;
3) I = ∅;
4) j ← indices of the L largest values of α0;
5) for l = 1, 2, ..., L do
6) n(l) = MIB-LA-Residual (Φ,G,y, z0,α0, I0, j(l));
7) end for
8) l = argmin

l
|n (l)|;

9) i1 = j(l);
10) I1 = I0 ∪ i1;
11) ΦI1

= Φ(:, I1);
12) G−1

I1,I1
= 1

ΦH
I1

ΦI1

= 1
GI1,I1

13) z1 = G−1
I1,I1

ΦH
I1
y;

14) α1 = α0 −GI1z1;
15) k = 1;

2: repeat
3: k = k + 1;
4: j ← indices of the L largest values of αk−1 /∈
Ik−1;

5: for l = 1, 2, ..., L do
6: n(l) =

MIB-LA-Residual(Φ,G,y, zk−1,αk−1, Ik−1, j(l));

7: end for

8: l = argmin
l

|n (l)|;
9: ik = j(l);

10: Ik = Ik−1 ∪ ik;
11: A = Gik,Ik−1

G−1
Ik−1,Ik−1

12: V = 1
Gik,ik

−AGIk−1,ik

13: Q = AΦH
Ik−1

y −ΦH
ik

y

14: G−1
Ik,Ik

=

[
G−1

Ik−1,Ik−1
+VAHA −VAH

−VA V

]

15: zk =

[
zk−1 +VAHQ

−VQ

]

16: αk = αk−1 −GIk

[
VAHQ
−VQ

]
;

17: until (k ≥ K)

Algorithm 2 Matrix Inverse Bypass Look Ahead Residual
(MIB-LA-Residual)

Input: sensing matrix Φ ∈ CQ×Gt , G = ΦHΦ ∈ CGt×Gt ,
target sparsity K, measurement vector y ∈ CQ, previous
reconstructed signal zk−1, previous matching term αk−1,
previous support set Ik−1, new chosen index ik.

Output: norm of residual n = ∥y −ΦIK
zK∥2 ∈ R.

1: Initialization
1) A = Gik,Ik−1

G−1
Ik−1,Ik−1

2) V = 1
Gik,ik

−AGIk−1,ik

3) Q = AΦH
Ik−1

y −ΦH
ik

y
4) Ik = Ik−1 ∪ ik;

5) G−1
Ik,Ik

=

[
G−1

Ik−1,Ik−1
+VAHA −VAH

−VA V

]

6) zk =

[
zk−1 +VAHQ

−VQ

]

7) αk = αk−1 −GIk

[
VAHQ
−VQ

]
;

8) k = |Ik|;
2: repeat
3: k = k + 1;
4: ik = argmax

ik

|ak−1(ik)|;
5: Ik = Ik−1 ∪ ik;
6: A = Gik,Ik−1

G−1
Ik−1,Ik−1

7: V = 1
Gik,ik

−AGIk−1,ik

8: Q = AΦH
Ik−1

y −ΦH
ik

y

9: G−1
Ik,Ik

=

[
G−1

Ik−1,Ik−1
+VAHA −VAH

−VA V

]

10: zk =

[
zk−1 +VAHQ

−VQ

]

11: αk = αk−1 −GIk

[
VAHQ
−VQ

]
;

12: until (k ≥ K)
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B. RIS-BS Channel Estimation

In the RIS-BS angular virtual channel, the RIS directs
the users’ signals to the BS through a common channel;
therefore, the channel from the RIS to the BS shares a
common sparse structure across different users. Thus, we
adopted the n-way block orthogonal matching pursuit (N-
BOMP) reconstruction [11] to leverage the joint sparsity of
the channel and tensor compressive sensing approach to reduce
complexity. The tensor Z is then reconstructed by solving the
associated minimization problem

Z = argmin
Z

∥Y −Z ×1 ΦI1
k
×2 ΦI2

k
∥2F , (18)

Where we represent BS received signal matrix and sparse
channel matrix in tensor form, Z = Ξ and Y = ỸB, mode-
n equivalent sensing matrix is dereved by ΦI1

k
= Ar and

ΦI2
k
= ˆ̈ΘH

However, the original N-BOMP can include incorrect atoms
in the support set when the block sparsity property is not
satisfied. To resolve this problem, we propose the matrix in-
verse bypass multi-residual n-way block orthogonal matching
pursuit (MIB-MR-N-BOMP) in Algorithm 3.

The multi-residual, inspired by the look-ahead strategy, is
utilized in Step 6 to Step 15 of the loop section. We only
check the L atoms that are most likely in the matching
term. This method ensures that the selected atoms contribute
to the minimum residual in the reconstructed signal. This
mechanism reduces the risk of selecting incorrect atoms, which
can otherwise propagate errors through the block sparsity
structure. Moreover, the MIB technique is also used to re-
duce the computational burden of pseudo-inverse calculation
similar to the MIB-LAOMP algorithm. Thus, the MIB-MR-
N-BOMP algorithm can ensure accurate signal reconstruction
with reduced computational complexity.

Algorithm 3 Matrix Inverse Bypass Multi-residual N-way
Block Orthogonal Matching Pursuit (MIB-MR-N-BOMP)

Input: mode-n equivalent sensing matrix {Φ1,Φ2}, with
Φn ∈ CIn×Mn , n = 1, 2, measurement tensor Y ∈
CI1×I2 , Gn = ΦH

n Φn ∈ CIn×Mn , n = 1, 2, multiple
residual parameter L, sparsity K.

Output: estimated signal in sparse domain Z ∈ CM1×M2 .
1: Initialization

1) In0 = ∅, n = 1, 2;
2) R0 = Y ;
3) C0 = R0 ×1 Φ

H
1 ×2 Φ

H
2 ;

4) F(l1, l2) = |C0(l
1, l2)|;

5) mn ← indices of the L largest values of F such that
mn /∈ Ink−1, n = 1, 2.

6) for i = 1, 2, ..., L do
7) J n = Ink−1∪ mn(i), n = 1, 2;
8) ΦJn = Φn(:,J n), n = 1, 2;
9) G−1

Jn,Jn = 1
ΦH

Jn ,ΦJn
= 1

GJn
, n = 1, 2.

10) Z̃i = Y ×1(G
−1
J 1,J 1Φ

H
J 1) ×2(G

−1
J 2,J 2Φ

H
J 2);

11) R̃ = Y − Z̃i ×1 ΦJ 1 ×2 ΦJ 2 ;
12) r(i) =

∑I1
l1=1

∑I2
l2=1 |R̃(l1, l2)|;

13) end for
14) j ← index of the lowest values of r;
15) In1 = In0 ∪mn(j), n = 1, 2;
16) ΦIn

1
= Φ(:, In1 ), n = 1, 2.

17) G−1
In
1 ,In

1
= 1

ΦH
In
1
,ΦIn

1

, n = 1, 2.

18) Z1 = Z̃j ;
19) R = Y −Z1 ×1 ΦI1

1
×2 ΦI2

1
.

20) C1 = R×1 Φ
H
1 ×2 Φ

H
2 ;

21) Iteration counter k = 1;

2: repeat
3: k = k + 1;
4: F(l1, l2) = |Ck−1(l

1, l2)|;
5: mn ← indices of the L largest values of F

such that mn /∈ Ink−1, n = 1, 2

6: for i = 1, 2, ..., L do
7: jn = mn(i), n = 1, 2;
8: J n = Ink−1∪ jn, n = 1, 2;

9: An = Gjn,In
k−1

G−1
In
k−1,In

k−1
, n = 1, 2;

10: Vn = 1
Gjn,jn−AnGIn

k−1
,jn

, n = 1, 2;

11: G−1
Jn,Jn =

[
G−1

In
k−1

,In
k−1

+VnA
H
n An −VnA

H
n

−VnAn Vn

]
,

n = 1, 2;

12: Z̃i = Y ×1(G
−1
J 1,J 1Φ

H
J 1) ×2(G

−1
J 2,J 2Φ

H
J 2);

13: R̃ = Y − Z̃i ×1 ΦJ 1 ×2 ΦJ 2 ;

14: r(i) =
∑I1

l1=1

∑I2
l2=1 |R̃(l1, l2)|;

15: end for
16: j ← index of the lowest values of r;
17: ink = mn(j), n = 1, 2;
18: Ink = Ink−1 ∪ ink , n = 1, 2;

19: An = Gink ,In
k−1

G−1
In
k−1,In

k−1
, n = 1, 2;

20: Vn = 1
Gin

k
,in
k
−AnGIn

k−1
,in
k

, n = 1, 2;

21: G−1
In
k ,In

k
=

[
G−1

In
k−1,In

k−1
+VnA

H
n An −VnA

H
n

−VnAn Vn

]
,

n = 1, 2;
22: Zk = Z̃j

23: R = Y −Zk ×1 ΦI1
k
×2 ΦI2

k
;

24: Ck = R×1 Φ
H
1 ×2 Φ

H
2 ;

25: until
(
|I1k ||I2k | ≥ K

)

26: Z(I1, I2) = ZK ;

IV. SIMULATION RESULTS AND COMPLEXITY ANALYSIS

We simulated the RIS-aided MIMO system with M = 36,
N = 64, U = 8, T = 8, and active sensing node ratio
of η=50%. The AoA and AoD are uniformly distributed
over the intervals [−π/2, π/2] and [−π, π], respectively. An
oversampling rate of κ = 4 was used to design the dictionary.
The iteration numbers of K were 16 and 128 for the MIB-
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LAOMP and MIB-MR-N-BOMP, respectively. Normalized
mean square error (NMSE) values were calculated by aver-
aging 1000 channel realizations of SNR = [-10, -5, 0, 5, 10]
(dB).

A. Channel Estimation Performance Analysis

1) Effect of Measurement Number on Channel Estima-
tion Performance: The illustration in Figure 2 shows the
simulation of average channel estimation performance with
varying numbers of measurements. Figure 2(a) demonstrates
the user-RIS channel estimation, while Figure 2(b) depicts
the RIS-BS channel estimation. The results indicate that the
NMSE of the channel estimation for both channels decreases
as the number of measurements increases. In Figure 2(a),
the simulation results with Q = 16 show that, even with
increasing SNR, this number of measurements is insufficient
to accurately reconstruct the channel, resulting in a significant
performance gap compared to Q = 32. Under conditions
where Q exceeds 32, the performance of LAOMP generally
surpasses that of OMP. This improvement can be attributed
to LAOMP’s look ahead mechanism, which is designed to
evaluate multiple potential paths and select the optimal one.
Conversely, in Figure 2(b), the channel estimation is improved
by jointly processing all users’ signals reflected through the
RIS to the BS. This joint processing enhances the estimation
performance through an averaging effect, and it is evident
that the NMSE decreases with increasing SNR for different
numbers of measurements Q in the simulation results.

2) Evaluation of estimation results with different methods:
Figure 3 shows the user-RIS channel estimation results with
Q = 64 subframes. It is evident that the proposed MIB-
LAOMP has better performance than SAMP [12], CoSaMP
[13] and OMP algorithms. Figure 4 shows the RIS-BS channel
estimation results. When Q = 32, both the N-BOMP [11]
and MIB-MR-N-BOMP algorithms outperform the two-stage
simultaneous LAOMP (TS-SLAOMP) [14] when the SNR
value exceeds 0 dB. The primary reason is that the block
sparsity assumption of the N-BOMP-based algorithms matches
with the common sparsity property of the RIS-BS channel. The
MIB-MR-N-BOMP has a significant performance advantage
in the high SNR region because the multiple residual process
leads to reliable index selection results. In the simulations
under the conditions of Q = 64 and SNR = 10 dB, the proposed
MIB-MR-N-BOMP achieves an NMSE of 0.0011, which is
significantly lower than the TS-SLAOMP [14] by 75%.

3) Computational Complexity Analysis: Figure 5 shows the
computational complexity of different algorithms for the user-
RIS channel estimation. The MIB-LAOMP has much lower
complexity than that of the LAOMP because the matrix inverse
operation is avoided in the MIB-LAOMP. For a dictionary
size Gt = 1024, the MIB-LAOMP has a significant com-
plexity reduction of approximately 10.96%. Figure 6 shows
the computational complexity of different algorithms for the
RIS-BS channel estimation. The proposed MR-N-BOMP al-
gorithm exhibits lower computational complexity than TS-
SLAOMP [14] because, during channel reconstruction, the TS-
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(a) user-RIS channel.
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(b) RIS-BS channel.

Fig. 2: Evaluation of estimation results with different number
of measurements.
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OMP
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MIB-LAOMP, L=5

Fig. 3: The user-RIS channel estimation results .

SLAOMP transforms the compressive sensing problem into a
1D Kronecker-based CS model, which leads to an equivalent
sensing matrix with significantly larger dimensions. With the
dictionary sizes of Gt = 1024 and Gr = 576, the proposed
MR-N-BOMP yields substantial complexity reduction of ap-
proximately 95.73%.
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Fig. 5: Complexity of user-RIS channel estimations.

Fig. 6: Complexity of RIS-BS channel estimations.

V. CONCLUSION

This paper proposes the MIB-LAOMP and MIB-MR-N-
BOMP for the channel estimation in the user-RIS and RIS-
BS channels, respectively, for the RIS-aided communica-
tion system. The MIB-LAOMP algorithm utilizes matrix in-
verse bypass and look ahead strategies to reduce computa-
tional complexity. Specifically, in user-RIS channel estimation,

MIB-LAOMP reduces computational complexity by 10.96%
compared to LAOMP. In RIS-BS channel estimation, using
the MIB-MR-N-BOMP method, the NMSE performance im-
proved by 75.07% compared to TS-SLAOMP under SNR =
10dB and Q = 64. Moreover, the computational complexity
was reduced by 95.73% compared to TS-SLAOMP.

The final simulation and analysis results show that the
proposed algorithm can achieve better performances than other
state-of-art algorithms with apparent complexity reduction.
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