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Abstract

:

This paper investigates single-user uplink and two-user downlink channel estimation in reconfigurable intelligent surface (RIS)-aided millimeter-wave (mmWave) massive multiple-input multiple-output (MIMO) wireless communication systems. Because of the difficulty associated with the estimation of channels in RIS-aided wireless communication systems, channel state information (CSI) is assumed to be known at the receiver in some previous works in the literature. By assuming that prior knowledge of the line-of-sight (LoS) channel between the RIS and the base station (BS) is known, two compressive sensing-based channel estimation schemes that are based on simultaneous orthogonal matching pursuit and structured matching pursuit (StrMP) algorithms are proposed for estimation of uplink channel between RIS and user equipment (UE), and joint estimations of downlink channels between BS and a UE, and between RIS and another UE, respectively. The proposed channel estimation schemes exploit the inherent common sparsity shared by the angular domain mmWave channels at different subcarriers. The superiority of one of the proposed channel estimation techniques, the StrMP-based channel estimation technique, with negligibly higher computational complexity cost compared with other channel estimators, is documented through extensive computer simulation. Specifically, with a reduced pilot overhead, the proposed StrMP-based channel estimation scheme exhibits better performance than other channel estimation schemes considered in this paper for signal-to-noise ratio (SNR) between 0 dB and 5 dB upward at different instances for both uplink and downlink scenarios, respectively. However, below these values of SNR the proposed StrMP-based channel estimation scheme will require higher pilot overhead to perform optimally.
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1. Introduction


Reconfigurable intelligent surface (RIS) has emerged as one of the prominent technologies for the sixth generation (6G) wireless communication networks to aid its capability to meet the growing needs of high-quality of service (QoS), provision of considerably higher capacity combined with lower latency in the networks. RIS, which is made from metamaterials [1], can be constructed as a reflective array that is made up of a large number of passive elements. Each of these elements can reflect the incident signals passively using a controllable phase shift [2]. Since 6G wireless communication networks are anticipated to operate in millimeter Wave (mmWave) frequency bands, the networks are posed to suffer from problems that are related to the mmWave-based communication systems, among which is its susceptibility to blockages due to rapid signal attenuation and severe path loss. Coincidentally, the RIS technology has the capability of mitigating the challenges in mmWave-based wireless communication systems and can also enable smart and reconfigurable wireless environments [3]. In addition, the RIS’s working procedure is nearly passive and does not require radio frequency (RF) components when compared to the massive multiple-input multiple-output (MIMO); hence, it exhibits lower cost and power consumption, as well as a lower noise [4,5]. In order to enhance the coverage of mmWave communication in both the beyond fifth-generation (5G) and 6G wireless communications networks, it is beneficial to deploy a large number of reconfigurable intelligent surfaces (RISs) to passively reflect mmWave signals in the desired directions. However, to take advantage of all the associated benefits of RIS, it is critical to accurately obtain the corresponding channel state information (CSI). However, the estimation of CSI in RIS-based wireless communication networks is challenging because of the RIS’s passive nature and its associated high-dimensional channels. CSI estimation in RIS-aided systems can be categorized as (i) estimation of the direct channel between the transmitter and the receiver, (ii) estimation of the cascaded channel, that is, the channel from transmitter-to-RIS-to-receiver, and (iii) separate estimation of the channel from transmitter-to-RIS and the channel from RIS-to-receiver. The following is the summary of some of the previous efforts to estimate CSI in RIS-based wireless communication networks in the last two categories which involve the RIS channel.



The authors in [6], by switching on just one RIS reflecting element at a particular time, proposed a method of estimating the coefficients of the cascaded channel in an RIS-based system. In [7], subspace-based techniques are employed to estimate the cascaded RIS-based channels in the distributed RIS-aided mmWave MIMO systems. The authors in [8] employed two versions of orthogonal matching pursuit (OMP) algorithms to develop the cascaded CSI-based estimation schemes for RIS-based mmWave system communication systems. A hybrid strategy based on the combination of two compressive sensing (CS) algorithms, the improved versions of both traditional subspace pursuit (SP) and OMP, is introduced to develop the proposed cascaded channel estimator for the RIS-based system in [9]. The authors in [10] exploited the low-rank characteristic of MIMO channels to design a sparse matrix factorization technique for cascaded channel estimation in the large intelligent metasurface-aided massive MIMO system. Estimation of the cascaded channel in a RIS-assisted system using a CS-based method was the focus of the work presented in [11] to minimize the pilot overhead. Most of the cascaded channel estimation techniques suffer from high pilot overheads. Additionally, most of these works consider flat fading-based communication by assuming narrow-band channels that do not fully utilize RIS’ full reflection during the channel estimation stage. A distributed OMP-based channel estimation method is proposed in [12] to jointly reconstruct the base station (BS)-to-user and RIS-to-user channels in broadband-based wireless communications scenarios for two different users in a downlink scenario while assuming that the channel from BS-to-RIS is known. The authors in [13], by equally assuming that the channel from BS-to-RIS is known, employed both simultaneous OMP (SOMP) and deep denoising-based approaches to reconstruct the uplink user-to-RIS channels of a RIS-aided mmWave system. However, a single-user scenario was considered by the authors. In [14], the authors proposed two estimation methods, each for the channels between the BS and RIS and the channels between RIS and users. One of these methods is based on an alternating least squares (ALS) algorithm, and another is based on the vector approximate message passing algorithm that estimates the unknown channels iteratively. The major drawback of this approach is that it requires enormous pilot overhead. It is also difficult to extend the technique to the case when there is more than one user.



In this paper, the uplink and downlink scenarios are considered for the proposed channel estimations schemes for both single-user and two-user RIS-aided mmWave massive MIMO multicarrier systems. For the uplink scenario, the single user is blocked from the access point. Hence, it is connected to the BS via the RIS system. In the case of the downlink, a two-user scenario is considered. One of the users has direct LoS to the BS but is blocked away from the RIS. The second user is blocked from accessing the BS directly but has a LoS link to the RIS through which it receives the transmitted signal from the BS. The approaches employed are slightly aligned with the third classification of CSI estimation in RIS-based systems, where the channel from BS-to-RIS is assumed to be known similarly to [12,13], and BS-to-user and RIS-to-user channels are jointly estimated for the two users case. The mmWave channel is mostly sparse. The extensive real-world measurements conducted and reported in [15] established that, indeed, the mmWave channels are generally sparse. CS exploits the inherent sparsity in many signals to reduce the number of measurements needed for digital acquisition. In the context of estimation, CS has been found to be a unique technology for signal processing, in which the estimation of the sparse signal is performed by utilizing reduced samples, and it has demonstrated good performance in the effective estimation of channel coefficients [16]. Theoretically, this reduction would result in commensurate reductions in the size, weight, power consumption, and/or monetary cost of both system architecture and any associated communication links. Over the years, different compressive sensing algorithms have been developed for various applications. Some other works focus on the fundamental theory of CS. An example of such works is the overview of CS approaches for wireless communication systems presented in [17]. In the overview, topics like the fundamentals of CS techniques, three CS subproblems in wireless communications, and numerous wireless applications that CS techniques can be used for are covered. Based on the knowledge of the advantages associated with CS, in this paper, we develop two compressive sensing-based channel estimation schemes for RIS-aided mmWave massive MIMO systems. The various contributions of this paper are highlighted as follows.



	
To apply the techniques of compressive sensing for CSI estimation, the channel sparsity formulations are presented for both the downlink and uplink channels of the RIS-supported mmWave massive MIMO multicarrier systems. Through these formulations, the channel estimations in these two scenarios are turned into sparse signal recovery problems.



	
To estimate the uplink user-to-RIS channel of the RIS-aided mmWave massive MIMO multicarrier systems, two CS-based algorithms channel estimation techniques are formulated. These are based on adaptive SOMP and structured matching pursuit (StrMP) algorithms, and the estimators are named AdptSOMP-based channel estimation and StrMP-based channel estimation schemes for the uplink channel.



	
Similarly, to estimate the downlink BS-to-user and RIS-to-user channels of the two-user RIS-aided mmWave massive MIMO multicarrier systems, the above-mentioned channel estimation schemes in (ii) are redesigned for this purpose.



	
To have an idea of the incurred costs in terms of computational complexities that are involved in computing the proposed channel estimation schemes, the comparative complexity analysis costs of the proposed schemes and two benchmark schemes considered in this paper are documented.






The rest of this article is organized as follows. The two system models for the RIS-aided mmWave massive MIMO systems considered in this paper are presented in Section 2. Formulations of both the uplink and downlink sparse channel formulations for the RIS-aided mmWave massive MIMO multicarrier systems are also presented in this section. The proposed channel estimation schemes for both uplink and downlink scenarios considered in this paper are introduced in Section 3. In Section 4, the comparative simulation results and computational analysis of the proposed channel estimation schemes are presented. The overall conclusion of the paper is drawn in Section 5.




2. System Models for RIS-Aided mmWave Massive MIMO Systems


The system models considered for both uplink and downlink RIS-aided mmWave massive MIMO wireless communication systems are illustrated in Figure 1.



2.1. Uplink RIS-Aided mmWave Massive Mimo System Model


Figure 1a depicts the system model for the uplink RIS-aided mmWave massive MIMO wireless communication network. It comprises one user equipment (UE) that has its direct link to the base station (BS) blocked by obstructing objects. A hybrid passive/active RIS is employed to reflect the incident signals to the BS. Red and black colors, respectively, are used to denote the active and passive elements. The active elements of the RIS are sequentially connected to the     R   R I S     receive RF chains via an antenna switching network, as shown in Figure 1a, whereas the passive elements induce phase shifts (controlled by an attached smart controller) to the incident signals and then reflect them. To acquire     R   R I S     RIS measurements in each time slot, all     R   R I S     RIS active elements are activated when the pilots are transmitted. The active components will function as the passive ones during the data transmission phase. Since the RIS is made up of small sub-wavelength patch elements with tunable reflection coefficients, the wave impinging on the RIS can be focused on a specific location in space or reflected in a desired direction by adjusting the reflection coefficients [4]. To solve the problem of dispersive channels, an orthogonal frequency division multiplexing (OFDM) transmission scheme with   K   subcarriers is employed. The BS analog and digital combiners are denoted as     W   R F   ∈   C     N   B   ×   R   B       and     W   B B , k   ∈   C     R   B   ×   N   B , d      , respectively, while the UE analog and digital precoders are denoted as     F   R F   ∈   C     N   U E   ×   R   U E       and     F   B B , k   ∈   C     N   U E   ×   N   U E , d      , respectively. The notations     N   B     and     R   B     are the numbers of BS’s antennas and radio frequency (RF) chains associated with the BS, respectively, and     N   U E     and     R   B     denote the number of antennas at the UE and the RF chains associated with the UE. The symbols     N   B , d     and     N   U E , d     represent the lengths of data streams at the BS and UE, respectively. For simplicity, single-user (with     N   U E   = 1  ) as shown in Figure 1a is assumed, hence     N   B , d   =   N   U E , d    .



At the BS, the uplink received signal     y   k   ∈   C     N   B , d   × 1     at the   k t h   subcarrier can be written as


    y   k   = W     h   r , k   Θ   G   k   F   s   k   +   n   k     ,  



(1)




where   1 ≤ k ≤ K  ,   W =       W   R F     W   B B , k       H    ,   F =   F   R F     F   B B , k    ,     n   k   ~ C N   0 ,   σ   n   2     I     N   B , d         stands for the additive white Gaussian noise (AWGN),     s   k   ∈   C     N   U E , d   × 1     is the transmitted signal vector,     h   r , k   ∈   C     N   R I S   × 1     is the channel between the RIS and the UE at the   k t h   subcarrier,     G   k   ∈   C     N   B   ×   N   R I S       is the channel between the RIS and the BS at the   k t h   subcarrier,     N   R I S     is the number of RIS’s reflecting elements,   Θ = d i a g     e   j   θ   1     ,   e   j   θ   2     , … ,   e   j   θ     N   R I S          ,     θ     n   R I S     ∈   0 , 2 π    , the superscript       .     H     is the conjugate transpose operator, and superscript       .     T     denotes the transpose operator.



In a practical scenario, the RIS is always deployed on the walls of buildings [4] in the line-of-sight (LoS) directions to the BS, which is normally highly elevated with few obstructions in its vicinity [18]. After deployment, the positions of both the BS and the RIS remain unchanged. The prior knowledge of these positions can be used to estimate the LoS transmission’s directions between the BS and the RIS, that is, the LoS of the angle of arrival (AoA)/angle of departure (AoD) linking both, which remain static. The parameters can be sent to the UE through a control path by which   G   can be estimated through a one-step least square method. Further, in mmWave communication systems, the path loss for LoS is significantly lower than that for non-LoS (NLoS) paths. Hence, the NLoS path can be neglected since the LoS path will normally dominate the channel’s energy [19,20]. Based on the foregoing, without loss of generality, the channel   G   between the BS and the RIS is assumed to be known throughout this paper for simplicity’s sake and to avoid estimation of the cascaded channel. Consequently, the channel estimation problem reduces to an estimation of the time-varying channel link between the RIS and the UE, i.e., the     h   r , k   .   Assuming that the uplink pilot signals consist of   N   OFDM symbols or time slots, the received   n t h   OFDM symbol at the RIS associated with the   k t h   subcarrier,     r   n , k   ∈   C     N   R I S ,   d   × 1    , can be expressed as


    r   n , k   =   W   R I S , n     h   r , k     F   n     s   n , k   +   w   n , k   ,  



(2)




where     W   R I S , n   ∈   C     N   R I S , d   ×   N   R I S       is the RIS antenna selection matrix,     N   R I S , d     is the length of data streams at the RIS,     F   n   =   F   R F , n     F   B B , n , k    ,     F   B B , n , k     is considered to be an identity matrix,     F   R F , n     has phases of its elements following the mutually independent uniform distribution   U   0 ,   2 π    ,     s   k   ∈   C     N   U E , d   × 1     is the transmitted signal vector,     w   n , k   ∈ C N   0 ,     σ   w   2     I     N   R I S , d         is the AWGN,     σ   w   2     is the noise power, and     s   n , k   ∈   C     N   U E , d   × 1     is the   n t h   pilot symbol vector. Given that the RIS architecture is       N   R I S   = N   R I S , x   ×   N   R I S , y     uniform planar array (UPA), the channel     h   r , k   ∈   C     N   R I S   × 1     can be written as [8,21]:


    h   r , k   =   ∑  d = 0   K − 1            N   R I S     L       ∑  l = 0   L − 1      α   l       p   d   T   s   −   τ   l     a   r       φ   l   ,   ψ   l           e   − j    2 π k d   K      ,    



(3)




where


    a   r       φ   l   ,   ψ   l     =     1     N   R I S               e   j    2 π     m   1   u +   m   2   v     λ          T   ,    



(4)







    m   1   =   0 ,   1 ,   2 ,   … ,   N   R I S , x   − 1      , and     m   2   =   0 ,   1 ,   2 ,   … ,   N   R I S , y   − 1      ,   L   stands for the number of multipath components,     T   s     is the sampling period,   p   τ      is the pulse-shaping filter,     α   l     is the complex gain of the   l t h   path,     τ   l     is the discrete delay of the   l t h   multipath component,     φ   l     is the azimuth AoA,     ψ   l     is the elevation AoA,   u ≜ d s i n     ψ   l      ,   v ≜ d s i n     ψ   l     c o s     φ   l      ,   d   is the antenna spacing that satisfies   d =   λ  /  2    , and   λ   is the carrier signal’s wavelength. The steering vectors of AoAs can be collected into a matrix     A   r     as


    A   r   =     a   r       φ   1   ,   ψ   1     ,   a   r       φ   2   ,   ψ   2     , … ,   a   r       φ   L   ,   ψ   L       ∈   C     N   R I S   × L     .    



(5)







Vectorizing (2) results in


    r   n , k   =       F   n     s   n , k       T   ⊗   W   R I S , n     h   r , k   +   w   n , k   =   ψ   n     h   r , k   +   w   n , k   ,  



(6)




where     ψ   n   =       F   n     s   n , k       T   ⊗   W   R I S , n     is the   n t h   time slot measurement matrix, and     F   n   =   F   R F , n     F   B B , n , k     is the frequency-flat precoder. Though the assumption of frequency-flat could result in a high peak-to-average-power-ratio (PAPR), it could be relaxed by using a pseudo-random scrambling code [22]. Denoting     R   R I S     as the number of RF chains related to the RIS, the total number of measurements is     N   T   = N   R   R I S    . Hence, the pilot overhead   N   can be reduced while increasing the number of RF chains     R   R I S     at the expense of higher power consumption or reducing     R   R I S     while increasing the pilot overhead   N   at the expense of wastage in bandwidth. By fixing     R   R I S   = 1  , the total number of measurements,     N   T   = N   R   R I S   = N  , and staking all the overall observations, measurement matrix, and noise vector     r   n , k    ,     ψ   n    , and     w   n , k    , respectively, for   n = 1 ,   2 ,   … ,   N   as     r   k   =           r   1 , k       T   ,       r   2 , k       T   ,   … ,         r   N , k       T       T    ,     ψ  ¯  =           ψ   1       T   ,       ψ   2       T   ,   … ,         ψ   N       T       T   ∈   C       N   T   × N   R I S      ,     w   k   =           w   1 , k       T   ,       w   2 , k       T   ,   … ,         w   N , k       T       T    , (6) can be written as:


    r   k   =   ψ  ¯    h   r , k   +   w   k   .    



(7)








2.2. Uplink RIS-UE Channel Sparsity Formulation


The goal is to estimate the RIS-UE channel     h   r , k     in (7). However, this will require     N   T   ≥   N   R I S    . Coincidentally, as a result of the angular-domain sparsity characteristic of the mmWave MIMO channel, the compressive sensing theory can be explored with the intent of reducing the pilot overhead   N  . Another challenge is related to the power leakage associated with the mismatch between AoAs and the discrete dictionary grids, that have limited resolution in the angular domain, which has the potential to weaken the inherent sparsity level. To circumvent this, a redundant dictionary can be designed as follows. The channel coefficients     h   r , k     in (3) contained in the redundant dictionary can be written as


    h   r , k   =   A   r , D     h   r s , k   +   w  ˇ  ,    



(8)




where     w  ˇ    stands for the quantization error that can be treated as AWGN and     A   r , D     has the following form


    A   r , D   =         a   r       φ   1   ,   ψ   1     ,     a   r       φ   1   ,   ψ   2     , … ,   a   r       φ   1   ,   ψ     ξ N   R I S , y       ,     a   r       φ   2   ,   ψ   1     ,     a   r       φ   2   ,   ψ   2     , … ,         a   r       φ   2   ,   ψ     ξ N   R I S , y       , … ,   a   r       φ     ξ N   R I S , x     ,   ψ     ξ N   R I S , y             .    



(9)







The azimuth angle,     φ   i    , and elevation angle,     ψ   i    , are uniformly obtained from   U   −    π   2    ,      π   2       , and can be expressed as


    φ   i   = −    π   2    + −    i π     ξ N   R I S , x      ,     i = 1 , 2 , … ,   ξ N   R I S , x     ,    



(10a)






    ψ   i   = −    π   2    + −    i π     ξ N   R I S , y      ,     i = 1 , 2 , … ,   ξ N   R I S , y     ,    



(10b)




where the notation   ξ   represents the oversampling rate. In (8)     h   r s , k     is an     L  ˇ   -sparse channel of the angular domain that is represented by the redundant dictionary. To avoid weakening of the sparsity by the power leakage, the oversampling rate is set as   ξ > 1  . By inserting (8) into (7), we obtain


    r   k   =   ψ  ¯  v e c     A   r , D     h   r s , k   +   w  ˇ    +   w   k   =   ψ  ¯  Ξ   h   r s , k   +   w   e   ,    



(11)




where     w   e   =   ψ  ¯  v e c     w  ˇ    +   w   k     stands for the effective noise,   Ξ = 1 ⊗   A   r , D     represents the redundant dictionary matrix, and     h   r s , k     represents the sparse channel formulation under the redundant dictionary basis. The angular domain channels     h   r s , k    ,     k = 1 , 2 , … , K     possess common sparsity due to the similarity of scatterers of subchannels associated with different subcarriers. Thus, the support set of     h   r s , k    ,   ζ = s u p p     h   r s , k      , is such that


  ζ = s u p p     h   r s , 1     = s u p p     h   r s , 2     , … , = s u p p     h   r s , K     .    



(12)







The channel estimation techniques based on CS algorithms presented in Section 3 can be used to solve the following optimization problem of the sparse channel, given the observation measurement in (11)


      min     h   rs , k   optimum   , 1 ≤ k ≤ K    ⁡        h   r s , k       0        



(13)






  s . t .         ψ  ¯  Ξ   h   r s , k   −   r   k       2   ≤ ϵ ,   f o r   a l l   k   a n d   s u p p o r t   s e t   ζ ,  








where   ϵ   is the stopping criterion threshold.




2.3. Downlink RIS-Aided mmWave Massive Mimo System Model


For the downlink scenario, Figure 1b, which comprises one BS and one RIS that provided virtual LoS to the user when the direct LoS to the BS is obstructed by any obstacles, is considered. Both the BS and RIS are assumed to be made up of uniform planar arrays (UPAs), having the antennas’ number given as     N   B   =   N   B , x   ×   N   B , y     and       N   R I S   = N   R I S , x   ×   N   R I S , y    , respectively. The UEs in the network are also assumed to be made of a single antenna each,     N   U E   = 1  . Further, it is also assumed that the base station is equipped with     R   B   ≪   N   B     RF chains for the considered hybrid mmWave massive MIMO architecture and each of them is connected via     N   B     phase shifters to     N   B     antennas. Similarly to the uplink scenario, the OFDM transmission scheme with   K   subcarriers and     T   s     sampling period is employed. Denoting     h   d , k   ∈   C     N   B   × 1     and     h   r , k   ∈   C     N   R I S   × 1     as the direct channels between the BS and the UE, and between the RIS and the UE at the   k t h   subcarrier, respectively, these two can be modelled similarly as     h   r , k     in (3) for uplink scenario. The channel between the RIS and the BS at the   k t h   subcarrier is denoted as     G   k   ∈   C     N   B   ×   N   R I S      , and can be modeled as follows. The BS-to-RIS channel     G   k     at the   k t h   subcarrier can be modeled as


    G   k   =   G   L o S , k   +   G   N L o S , k   ,  



(14)




where     G   L o S , k   ∈   C     N   B   ×   N   R I S       and     G   N L o S , k   ∈   C     N   B   ×   N   R I S       are the LoS and NLoS parts of the frequency-domain channel     G   k    . By treating each of the subchannels     G   L o S , k     and     G   N L o S , k     as a flat fading channel, the narrow-band channel modeling techniques described in [23,24] can be employed to model them as


    G   L o S , k   =   ∑  d = 0   K − 1           α   0       γ   0        p   d   T   s   −   τ   0     a   r       φ   0   ,   ψ   0       a   t   H       φ   0   ,   ψ   0           e   − j    2 π k d   K      ,    



(15)






    G   N L o S , k   =   ∑  d = 0   K − 1        ∑  l = 1   L         α   l       γ   l        p   d   T   s   −   τ   l     a   r       φ   l   ,   ψ   l       a   t   H       φ   l   ,   ψ   l             e   − j    2 π k d   K      ,    



(16)




where     γ   l     and     α   l     stand for large-scale fading coefficient and complex gain associated with the   l t h   path, respectively, while   l = 0   for LoS and   l > 0   for NLoS. The UPA steering vector     a   r       φ   l   ,   ψ   l     ∈   C     N   R I S   × 1     for RIS is as previously defined in (4), while the UPA steering vector     a   t       φ   l   ,   ψ   l     ∈   C     N   B   × 1     for the BS equipped with       N   B   = N   B , x   ×   N   B , y     uniform planar array is similarly given as


    a   t       φ   l   ,   ψ   l     =     1     N   B               e   j    2 π     n   1   u +   n   2   v     λ          T   ,    



(17)







    n   1   =   0 , 1 , 2 , … ,   N   B , x   − 1    , and     n   2   =   0 , 1 , 2 , … ,   N   B , y   − 1    ,   u ≜ d s i n     ψ   l      ,   v ≜ d s i n     ψ   l     c o s     φ   l      ,   d   is the antenna spacing that satisfies   d =   λ  /  2    , and other parameters are as previously defined.



Given     x   n , k   ∈   C     N   B   × 1    , the   n t h   transmitted pilot symbol vector at the   k t h   subcarrier, the   n t h  -time slot received signal by the user at the   k t h   subcarrier can be written as


    y   n , k   =   h   d , k   T     x   n , k   +   h   r , k   T     Θ   n     G   k     x   n , k   +   w   n , k   =     h   d , k   T   ,     h   r , k   T            x   n , k         Θ   n     G   k     x   n , k        +   w   n , k   ,    



(18)




where     w   n , k   ~ C N   0 ,     σ   w   2       is the AWGN,     Θ   n   = d i a g     e   j   θ   n , 1     ,     e   j   θ   n , 2     ,   … ,     e   j   θ   n ,   N   R I S          ,     θ   n     n   S     ∈   0 ,   2 π    , stands for the phase compensation, which is assumed to be perfectly known in this paper, introduced by the RIS to the signals. By stacking all     y   n , k     and     w   n , k     for   n = 1 ,   2 ,   … ,   N   as     y   k   =       y   1 , k   ,   y   2 , k   ,   … ,     y   N , k       T     and     w   k   =       w   1 , k   ,   w   2 , k   ,   … ,     y   N , k       T    , respectively, (18) can be written as


    y   k   T   =     h   d , k   T   ,     h   r , k   T            x   1 , k       x   2 , k     …     x   N , k         Θ   1     G   k     x   1 , k       Θ   2     G   k     x   2 , k   …     Θ   N     G   k     x   N , k        +   w   k   .  



(19)







From (14),     G   k     is said to have both LoS and NLoS components. It is further stated in Section 2.1 that the path loss for LoS is significantly lower than that for non-LoS (NLoS) paths. Consequently, the NLoS can be neglected since the LoS path will normally dominate the channel’s energy. Hinged on these facts, assuming a priori knowledge of RIS, the substitution of (14) into (19) while taking the items associated with the NLoS component of     G   k     as noise results in (19) assuming the following form


       y   k   T   =     h   d , k   T   ,     h   r , k   T            x   1 , k       x   2 , k     …     x   N , k         Θ   1     G   L o S , k     x   1 , k       Θ   2     G   L o S , k     x   2 , k   …     Θ   N     G   L o S , k     x   N , k             +   h   r , k   T       Θ   1     G   N L o S , k     x   1 , k   ,     Θ   2     G   N L o S , k     x   1 , k   , … ,     Θ   N     G   N L o S , k     x   1 , k     +   w   k   .     



(20)







By denoting     h   e f f , k   =       h   d , k   T   ,     h   r , k   T       T   ∈   C       N   B   +   N   R I S     × 1     as the effective channel vector of the users and     Ω   k    , the measurement matrix, as


    Ω   k   =          x   1 , k       x   2 , k     …     x   N , k         Θ   1     G   k     x   1 , k       Θ   2     G   k     x   2 , k   …     Θ   N     G   k     x   N , k          T   ∈   C   N ×     N   B   +   N   R I S       ,  



(21)




and writing     n   k    , the effective measurement noise vector as


    n   k   =   h   r , k   T       Θ   1     G   N L o S , k     x   1 , k   ,     Θ   2     G   N L o S , k     x   1 , k   , … ,     Θ   N     G   N L o S , k     x   1 , k     +   w   k   ,  



(22)




the aggregate received pilot signal of (20) can be re-written as


    y   k   =   Ω   k     h   e f f , k   +   n   k   .  



(23)








2.4. RIS-Supported Downlink Sparsity Formulation


The system represented by (23) is an under-determined system due to the mmWave massive MIMO requiring       N   B   +   N   R I S     > N   consequent upon the antenna arrays’ large dimension and the constrained channel coherent time. Similarly to Section 2.2, by taking advantage of the angular-domain sparsity characteristic of the mmWave MIMO channel, the under-determined problem of (23) can be solved using CS theory. Considering the virtual angular domain representation, redundant dictionaries can be designed to make both channel coefficients     h   d , k   T     and     h   r , k   T     (that forms the effective channel     h   e f f , k     in (23)) to be written in the same way as (8), thereby assuming the following forms


    h   d , k   T   =     h   s d , k   T   A   d , D   H   +   n   e d , k   T   ,  



(24)






    h   r , k   T   =     h   s r , k   T   A   r , D   H   +   n   e r , k   T   ,  



(25)




where     A   d , D     and     A   r , D     are redundant dictionaries, with     A   r , D     having the form given in (9), and     A   d , D     having the following form


    A   d , D   =         a   r       φ   1   ,   ψ   1     ,     a   r       φ   1   ,   ψ   2     , … ,   a   r       φ   1   ,   ψ   η   N   B , y       ,     a   r       φ   2   ,   ψ   1     ,     a   r       φ   2   ,   ψ   2     , … ,         a   r       φ   2   ,   ψ   η   N   B , y       , … ,   a   r       φ     η N   B , x     ,   ψ   η   N   B , y             .  



(26)







Both     φ   i     and     ψ   i     which are uniformly obtained from   U   −    π   2    ,      π   2        can be expressed as


    φ   i   = −    π   2    + −    i π     η N   B , x      ,     i = 1 , 2 , … ,   η N   B , x     ,  



(27a)






    ψ   i   = −    π   2    + −    i π     η N   B , y      ,     i = 1 , 2 , … ,   η N   B , y     ,  



(27b)




where the notation   η > 1   stands for the oversampling rate. In (24) and (25) both     n   e d , k     and     n   e r , k     are the quantization error vectors due to mismatches between the actual angles and the samples in     A   d , D     and     A   r , D    , respectively, while     h   s d , k     and     h   s r , k     are representations of both     h   d , k     and     h   r , k     in virtual angular domains, respectively. Because of the angular sparsity of the mmWave channel, both     h   s d , k     and     h   s r , k     are sparse quantities. Substitution of (24) and (25) into (23) results in


        y   k   =   Ω   k         h   d , k   T   ,     h   r , k   T       T   +   n   k   =   Ω   k             h   s d , k   T   A   d , D   H   ,       h   s r , k   T   A   r , D   H       T   +       n   e d , k   T   ,     n   e r , k   T       T     +   n   k         =   Ω   k            A   d , D   H           A   r , D   H          T         h   s d , k   T   ,     h   s r , k   T       T   +   Ω   k         n   e d , k   T   ,     n   e r , k   T       T   +   n   k   .      



(28)







By denoting   Υ  , the effective dictionary matrix as   Υ =          A   d , D   H           A   r , D   H          T    ,     n   e f t , k   =   Ω   k         n   e d , k   T   ,   n   e r , k   T       T   +   n   k     as the effective noise vector, and     h   e f t , k   =       h   s d , k   T   ,   h   s r , k   T       T    , the effective sparse channel vector to be reconstructed, (28) can be re-written concisely as


    y   k   =   Ω   k   Υ   h   e f t , k   +   n   e f t , k   .  



(29)







As previously alluded to, due to the unchanged nature of the spatial propagation properties of the channel, the angular domain channels possess common sparsity at different subcarriers such that the support set of     h   e f t , k    ,   J = s u p p     h   e f t , k       can be written as


  J = s u p p     h   e f t , 1     = s u p p     h   e f t , 2     , … , = s u p p     h   e f t , K     .  



(30)







Given the observation measurement in (29), the effective sparse channel     h   e f t , k     can be reconstructed using the channel estimation techniques presented in Section 3. This can be achieved by applying the estimators to solve the following optimization problem


      min     h   eft , k   optimum   , 1 ≤ k ≤ K    ⁡        h   e f t , k       0      



(31)






  s . t .       Ω   k   Υ   h   e f t , k   −   y   k       2   ≤ ε ,   f o r   a l l   k   a n d   s u p p o r t   s e t   J ,  








with   ε   being the stopping criterion threshold.





3. The Compressive Sensing-Based Channel Estimation Schemes


This section presents the two CS-based channel estimation schemes proposed to estimate the uplink and downlink channels of the RIS-aided mmWave massive MIMO systems, respectively. The proposed schemes are pilot-assisted based schemes and perform channel estimations when pilot signals are transmitted. One of the proposed channel estimation schemes, the AdptSOMP, needs prior knowledge of the initial support set, while the other, the StrMP, estimates it. The last subsection presents the comparative computational complexity costs of the channel estimation techniques.



3.1. Adaptive SOMP(AdptSOMP)-Based Channel Estimation Scheme for the Uplink Channel


The AdptSOMP-based channel estimation works in a similar way as the distributed orthogonal matching pursuit (DOMP)-based channel estimator [12] by tracking dynamic sparse channels sequentially. The final channel estimates are obtained by updating the small variation of the dynamic sparse channel. The fundamental concept of the AdptSOMP-based channel estimation is that, because of the temporal correlations of the dynamic sparse channel, the major information of the channel in the current time slot can be obtained from the estimation results in previous time slots. The small variation of the channel can then be estimated with low complexity to refine the final estimate result. This is fundamentally different from the conventional OMP-based channel estimation, which disregards any channel tap temporal connection. With the availability of the observation measurements     r   k    , the sensing matrices     ψ  ¯  Ξ   that comprise the measurement matrix     ψ  ¯    and redundant dictionary   Ξ = 1 ⊗   A   r , D    , and the initial sparsity level     L  ˇ   , the proposed AdptSOMP, that is based on the traditional SOMP algorithm, estimate the uplink sparse channel as described in Algorithm 1. In Step 1, the iteration i, the support set ζ, and the residual vector signal r are all initialized. The initial support set is computed in Step 2. Step 3 focuses on the computation of the updated support set via the union of the initial estimate computed in Step 2. The sparse signal     h  ^    is estimated via the least square (LS) criterion in Step 4, while the residual signal is computed in Step 5. The enhanced sparse level is computed based on the concept of sparsity estimation from [25,26] in Step 6. The stopping criterion condition is determined if it is satisfied in Step 7, and the enhanced sparse signal     h  ^    is finally estimated in Step 9.








	Algorithm 1 The AdptSOMP-based Channel Estimation Scheme for Uplink RIS-Aided mmWave Massive MIMO System



	Input: Observation measurements     r   k   ,   sensing matrices     ψ  ¯  Ξ     ,     N   R I S    , the power threshold for determining the active paths   p t h = 0.1   [11], number of multipath components   L  , redundant dictionary     A   r , D    , and the stopping criterion threshold   ϵ  .

Output: Reconstructed sparse channel       h  ^    r , k    

Initialization:

	  1.

	
  i = 1 ,   and       ζ  ^    i = 1   = ∅  , and     r   k   i = 1   =   r   k    .






Iteration:

    for   i = i + 1   do

	  2.

	
      ℶ  ^    i , o p t   ←     max   ℶ    ⁡    ∑  k = 1   K                ψ  ¯  Ξ     H     r   k         ℶ   i            




	  3.

	
      ζ  ^    i   ←     ζ  ^    i − 1   ∪     ℶ  ^    i , o p t    




	  4.

	
      h  ^    k   i   ←       ψ  ¯  Ξ         ζ  ^    i     †     r   k    ; where       .     †     denotes the Moore-Penrose pseudo-inverse.




	  5.

	
    r   k   i   ←   r   k   −       ψ  ¯  Ξ         ζ  ^    i         h  ^    k   i    




	  6.

	
    D   h   =     l :   ∑  n = 1     N   R I S              h  ^    n , l   i       2   ≥ p t h       l = 0   L − 1   ,  






   L =       D   h       0   ,  

where         D   h       0     stands for the number of nonzero elements in     D   h    . The estimation of the sparsity level update is based on the knowledge that the input to the AdptSOMP can vary with varying channel conditions, which, in turn, could alter the sparsity level. Thus, AdptSOMP is adaptive to the channel sparsity level    L  . In addition, AdptSOMP roughly considers the temporal correlations of the dynamic sparse channel.

	  7.

	
  if           r   k   i       2   > ϵ     & &     i > L    .




	  8.

	
Return       h  ^    r s , k   ←     h  ^    k   i    , or else repeat iterations.






end for

	  9.

	
      h  ^    r , k   =   A   r , D       h  ^    r s , k   .  













3.2. Adaptive SOMP(AdptSOMP)-Based Channel Estimation Scheme for the Downlink Channel


The summary of the AdptSOMP-based channel estimation technique described in the previous subsection as used for the reconstruction of downlink channels between the BS and UE, and between the RIS and UE is presented in Algorithm 2. Its procedure is similar to the one for the uplink channel except that it uses an effective dictionary matrix   Υ   in Step 2 to compute the initial support set. Then, in Step 14, there is the decomposition of effective channels to the virtual angular domain representations,     h   s d , k     and     h   s r , k    , of the channels of interest. Finally, the estimates of the direct channels from BS-to-UE and from RIS-to-UE       h  ^    d , k     and       h  ^    r , k    , respectively, are obtained in Steps 14 and 16.






	Algorithm 2 The AdptSOMP-based Channel Estimation Scheme for Downlink RIS-Aided mmWave Massive MIMO System



	Input: Observation measurements     y   k    , the measurements matrix     Ω   k    ,the effective dictionary matrix   Υ  ,     N   R I S    , the power threshold for determining the active paths   p t h = 0.1   [25], the number of multipath components   L  , redundant matrices     A   d , D     and     A   r , D    , and the stopping criterion threshold   ϵ  .

Output: Estimated channel vectors     h   d , k     and     h   r , k    .

Initialization:

    J ← 1           Iteration counter

       r   r e s , k   j = 1   ←   y   k              Residual error vector at   j t h   iteration

         J  ^    j = 1   ← ∅              Support set at the   j t h   iteration

Iteration:

	  1.

	
  J ← J + 1  




	  2.

	
      ℶ  ^    j , o p t   ←     max   ℶ    ⁡    ∑  k = 1   K                Ω   k   Υ     H     y   k         ℶ   j            




	  3.

	
      ζ  ^    j   ←     ζ  ^    j − 1   ∪     ℶ  ^    j , o p t    




	  4.

	
      h  ^    k   j   ←       Ω   k   Υ         ζ  ^    j     †     y   k    , where       .     †     is the Moore–Penrose pseudo-inverse.




	  5.

	
    r   r e s , k   j   ←   y   k   −       Ω   k   Υ         ζ  ^    j         h  ^    k   j    




	  6.

	
    S   h   =     l :   ∑  n = 1     N   R I S              h  ^    n , l   j       2     ≥ p t h     l = 0   L − 1    




	  7.

	
  L =       S   h       0    






Ending Criterion:

	  8.

	
  If           r   r e s , k   j       2   > ϵ   & &   j > L    




	  9.

	
exit the iteration, or else go to step 1.




	  10.

	
      h  ^    k   ←     h  ^    k   j    




	  11.

	
    ζ  ^  ←     ζ  ^    j    




	  12.

	
return   ←     h  ^    k   j       ,     ζ  ^   






Decomposition and Computation of the final CSI

	  13.

	
          h  ^    e f t , k         ζ  ^    ←     h  ^    k    




	  14.

	
          h  ^    s d , k   T   ,     h  ^    s r , k   T       T   ←     h  ^    e f t , k    




	  15.

	
      h  ^    d , k   T   ←     h  ^    s d , k   T     A   d , D   H    




	  16.

	
      h  ^    r , k   T   ←     h  ^    s r , k   T     A   r , D   H    















3.3. Structured Matching Pursuit (StrMP)-Based Channel Estimation Scheme for the Uplink Channel


The StrMP-based channel estimation tracks the dynamic channel taps to improve the final reconstruction. In each iteration, an unreliable channel tap, which is subtracted from a dependable one, is added to the estimated support set. In summary, the StrMP-based channel estimation possesses the capability to detect the common channel taps accurately and track the dynamic channel taps rapidly. Given the observation measurements     r   k    , the sensing matrices     ψ  ¯  Ξ   that comprise the measurement matrix     ψ  ¯    and redundant dictionary   Ξ = 1 ⊗   A   r , D    , and the maximum sparsity level   L  , the StrMP-based channel estimation technique estimates the uplink RIS-aided mmWave massive MIMO channel through the following procedure. The knowledge of the maximum sparsity level   L   is based on the general knowledge of the sparsity level made possible by some works, such as the one reported in [27], which gives a sense of the mmWave channel’s sparsity level.



The StrMP-based channel estimation scheme’s estimation procedure for the uplink channel is presented in Algorithm 3 and entails two stages. Stage A focuses on the computation of the support set through iterative selection of the element that matches best with the residual vector signals while employing       ζ  ^    0   = ∅   to initialize the procedure. The StrMP-based channel estimation scheme assumes that the elements of the support set between any two time slots are constrained by the difference between the initial sparsity level and maximum sparsity level:     L  ˇ  − L   [28], that is


        ζ  ^    n   \     ζ  ^    k     <   L  ˇ  − L , n ≠ k .    



(32)







Under Stage A, Step 1 focuses on the initialization of the support set   ζ   and the residual vector signal     r   k    . Steps 2 and 3 concentrate on the iteration process for the estimation of the initial support set and the retuning of the estimated initial support set, respectively. Step 1 of Stage B initializes the iteration   i  , the support set   ζ  , and the residual vector signal   r  . Step 2 focuses on the iteration selection stage to estimate the temporal sparse signal       h  ¯    k    . Steps 3 and 4 involve the termination step, estimation, and return of the sparse channel       h  ^    r s , k     with the aid of the estimated support set and the estimation of the sparse uplink channel       h  ^    r , k    , respectively.






	Algorithm 3 The StrMP-based Channel Estimation Scheme for Uplink RIS-Aided mmWave Massive MIMO System



	Input: The Observation measurements     r   k    , the sensing matrices     ψ  ¯  Ξ  ,     N   R I S    , redundant dictionary     A   r , D    , the stopping criterion threshold    ϵ  , and the maximum sparsity level possible   L  .

Output: Reconstructed sparse channel       h  ^    r , k    

Stage A: Computation of the Initial Support Set

	1.

	
      ζ  ^    0   = ∅  , and     r   r e s   =   r   k    .




	2.

	
Iteration selection stage



    for l = 1   t o   L   do



   P =       ψ  ¯  Ξ     H     r   r e s    



     ϱ   n   ←     arg max   n    ⁡    ∑  k = 1   K        p   n , k         ,       n = 1 , 2 , … ,   N  



       ζ  ^    0   ←     ζ  ^    0   ∪   ϱ   n    



     r   r e s   ←   r   k   −       ψ  ¯  Ξ         ζ  ^    0           ψ  ¯  Ξ         ζ  ^    0     †     r   k   ,  



  end for




	3.

	
Return       ζ  ^    0     to be used in Stage 2






Stage B: Estimation of the sparse signal       h  ^    k    

	  1.

	
  i = 1  , and       ζ  ^    i = 1   =     ζ  ^    0    ,       h  ^    k   =       ψ  ¯  Ξ         ζ  ^    0     †     r   k    , and     r   k   i = 1   =   r   k   −     ψ  ¯  Ξ       h  ^    k    




	  2.

	
Iteration selection stage to estimate the temporal sparse signal       h  ¯    k    



  while   i = 1   o r           r   k   i       2   > ϵ       do



   i = i + 1  ,



     ϱ   j   ←     arg max   j    ⁡        ψ  ¯  Ξ     j   H     r   k   i − 1      



       ζ  ^    i   ←     ζ  ^    i − 1   ∪   ϱ   j    



       h  ¯    k   =       ψ  ¯  Ξ         ζ  ^    i     †     r   k    



       ζ  ^    i   ← s u p p       h  ¯    k   ,   L   ,  



where   s u p p ( z , k )   denotes the set of indices that matches the   k   largest amplitude components of   z  .



     r   k   i   ←   r   k   −       ψ  ¯  Ξ         ζ  ^    i           ψ  ¯  Ξ         ζ  ^    i     †     r   k    



   end while




	  3.

	
    ζ  ^  =     ζ  ^    i − 1    ,       h  ^    k   =       ψ  ¯  Ξ       ζ  ^    †     r   k    



  Return       h  ^    r s , k   ←     h  ^    k   i    .




	  4.

	
      h  ^    r , k   =   A   r , D       h  ^    r s , k   .  .















3.4. Structured Matching Pursuit (StrMP)-Based Channel Estimation Scheme for the Downlink Channel


This subsection summarizes the proposed StrMP-based channel estimation scheme as used for the estimation of the downlink channels between BS and UE and between the RIS and UE. With the availability of the observation measurements     y   k   ,   the measurement matrix     Ω   k    , the effective dictionary matrix   Υ  , the initial sparsity level     L  ˇ   , and the maximum sparsity level possible   L  , the various steps employed by the proposed StrMP-based channel estimation technique to reconstruct both     h   d , k     and     h   r , k     are presented in Algorithm 4. The StrMP-based channel estimation scheme’s estimation procedure entails three stages. In Stage 1, the initial support set is estimated for use in Stage 2 instead of initializing it to an empty set.






	Algorithm 4 The StrMP-based Channel Estimation Scheme for Downlink RIS-Aided mmWave Massive MIMO System



	Input: Observation measurements     y   k    , the measurements matrix     Ω   k    , the effective dictionary matrix   Υ  ,     N   R I S    , the number of multipath components   L  , redundant matrices     A   d , D     and     A   r , D    , maximum sparsity level   L  , and the stopping criterion threshold   ϵ  .

Output: Estimated channel vectors     h   d , k     and     h   r , k    .

Stage 1: Initial support set estimation

Initialization:

      r   r e s   ←   y   k                Residual error vector

        J  ^    0   ← ∅                Support set at the   j t h   iteration

Iteration:

for   l = 1   t o   L   do

	  1.

	
  P =       Ω   k   Υ     H     r   r e s    




	  2.

	
    ϱ   n   ←     arg max   n    ⁡    ∑  k = 1   K        p   n . k         ,   n = 1 , 2 , … , N  




	  3.

	
      J  ^    0     ←   J  ^    0   ∪   ϱ   n    




	  4.

	
    r   r e s   ←   y   k   −       Ω   k   Υ         J  ^    0           Ω   k   Υ         J  ^    0     †     y   k    






end for

	  5.

	
return       J  ^    0    








Stage 2: Estimation of the temporal sparse signal       h  ¯    k    

Initialization:

    J ← 1                  Iteration counter

        h  ^    k   ←       Ω   k   Υ         J  ^    0     †     y   k                  Initial estimation of the sparse signals

      r   r e s , k   j = 1   ←   y   k   −     Ω   k   Υ       h  ^    k              Residual error vector at the   j t h   iteration

        J  ^    j = 1   ←     J  ^    0                 Support set at the   j t h   iteration

while   j = 1     o r             r   r e s , k   j       2   > ϵ     do

	  6.

	
  J ← J + 1  




	  7.

	
    ϱ   i   ←     arg max   i    ⁡        Ω   k   Υ     i   H       r   r e s , k   j = 1    




	  8.

	
      J  ~    j     ←   J  ^    j − 1   ∪   ϱ   i    




	  9.

	
      h  ¯    k   ←       Ω   k   Υ         J  ~    j     †     y   k    




	  10.

	
      J  ^    j   ← s u p p       h  ¯    k   , L    




	  11.

	
    r   r e s , k   j   ←   y   k   −       Ω   k   Υ         J  ^    j           Ω   k   Υ         J  ^    j     †     y   k    






end while

	  12.

	
    J  ^  ←     J  ^    j    




	  13.

	
      h  ^    k   ←       Ω   k   Υ       J  ^    †     y   k    




	  14.

	
return       h  ^    k    ,     J  ^   








Stage 3: Decomposition and Computation of the final CSI

	  15.

	
          h  ^    e f t , k         J  ^    ←     h  ^    k    




	  16.

	
          h  ^    s d , k   T   ,     h  ^    s r , k   T       T   ←     h  ^    e f t , k    




	  17.

	
      h  ^    d , k   T   ←     h  ^    s d , k   T     A   d , D   H    




	  18.

	
      h  ^    r , k   T   ←     h  ^    s r , k   T     A   r , D   H    .















3.5. Comparative Computational Complexity Costs of the Proposed Estimator


In this subsection, the computational complexity costs of the proposed channel estimators in terms of the number of complex multiplication/division that are required are presented. The case of the uplink channel estimation for the RIS-aided mmWave Massive MIMO system illustrated in Figure 1a is considered. The extension to the downlink scenario is straightforward. By considering Section 3.1, the proposed AdptSOMP-based channel estimator requires for Steps 2, 4, 5, and 6 the following orders of computational complexity:   O   K N   N   R I S   2      ,   O   N   N   R I S   2      ,   O   N   L   2      , and   O     L   2     ,   respectively. This gives the total computational complexity cost required by the AdptSOMP-based channel estimator as   O   N     L   2   +   N   R I S   2   + K   N   R I S   2     + L    . The proposed StrMP-based channel estimator in Section 3.3 requires for Stage A (Step 2) the computational complexity orders of   O   L N   N   R I S   2   +   N   3   L    , while it requires for Stage B (Step 1) the computational complexity orders of   O   N   N   R I S   2   + L   N   R I S   2      , and for Stage B (Step 2) the computational complexity orders of   O   2 N   N   R I S   2   +   N   2     N   R I S   2      , respectively. Hence, the StrMP-based channel estimator requires a total computational complexity order of   O   N   L   N   R I S   2   +   N   2   L + 3   N   R I S   2   + N   N   R I S   2     +   N   R I S   2   L    . Both the OMP and the DOMP [12] require total computational complexity orders of   O   2 L N   N   R I S   2      , and   O   N     L   2   +   N   R I S   2   + K   N   R I S   2        , respectively. Numerical computational complexity costs of these channel estimation schemes based on some fixed parameters are presented in Table 1 to give an idea of the comparative complexity costs of these estimators. From Table 1, it is obvious that the poorly performing estimator, the OMP-based channel estimator, incurs the least computational complexity cost, while the proposed AdptSOMP and DOMP, as revealed in the next section, show similar performance incurred almost the same computational complexity costs.



The proposed StrMP-based channel estimator that, as illustrated in the next section, exhibits the best performance incurred a slightly higher computational complexity cost compared with the two closely performing estimators, i.e., the AdptSOMP and the DOMP-based channel estimators.





4. Simulation Results and Discussion


This section presents the computer simulation results for the two systems described in Section 2 to document the achievable comparative performances of the proposed CS-based channel estimation schemes. The section is divided into three subsections. Section 4.1 focuses on the simulation results for the uplink RIS-aided mmWave Massive MIMO wireless communication systems, whereas Section 4.2 focuses on the simulation results for the downlink RIS-aided mmWave Massive MIMO wireless communication systems.



4.1. Simulation Results for the Uplink RIS-Aided mmWave Massive Mimo System Model


For the simulation of the Uplink system of Figure 1a, a RIS architecture with       N   R I S   = N   R I S , x   ×   N   R I S , y   = 16 × 16   UPA, and     R   R I S   = 1   RF chain,     N   U E   = 1   antenna, carrier frequency of 28 GHz and bandwidth of 100 MHz are assumed. With     R   R I S   = 1  , the total number of measurements (measurement length),     N   T   = N   R   R I S   = N  . Other parameters are set as follows. The number of OFDM subcarriers is set as   256  , while the number of multipath   L   is set as   6  , and the initial sparsity level     L  ˇ  = 3   is assumed. Both the AoD and AoA are uniformly obtained from   U   −    π   2    ,      π   2       . The stopping criterion parameter   ϵ   for both AdptSOMP-based estimator and StrMP-based estimator is set as   ϵ =   σ   w   2    . The performances of the estimators are obtained in terms of the normalized mean square error (NMSE) metric expressed as


  N M S E = E           H −   H  ^        F   2    /        H       F   2       ,    



(33)




where   E   .     represents the expectation operation.



The first set of results shown in Figure 2a–c seeks to investigate the comparative NMSE performances of the proposed estimators and the other two benchmark estimators considered in this paper, namely, the distributed orthogonal matching pursuit (DOMP)-based channel estimator [12], and the traditional OMP-based estimator, for different values of signal-to-noise ratio (SNR). The increase in the measurement length ensures better observation, which results in enhanced NMSE, as depicted in Figure 2a–c. Of all the considered channel estimation schemes, as expected, the OMP-based estimator displays the poorest performance for the three SNR values of   5   d B  ,   10   d B ,   and   20   d B  . The proposed AdptSOMP-based estimator displays performance that is similar to the performance of the DOMP-based estimator, while the proposed StrMP-based estimator outperforms all other three estimators, especially for measurement length values of   N = 40 ,   12 ,   and   8   for SNR of   5   d B  ,   10   d B ,   and   20   d B  , respectively. As     N   T     increases, the performance of each of the estimators increases. As stated in Section 2.1, the pilot overhead   N   can be reduced while increasing the number of RF chains     R   R I S     at the cost of higher power consumption. Alternatively, the     R   R I S     can be reduced while increasing   N   resulting in a wastage of bandwidth. With     R   R I S     fixed at     R   R I S   = 1  , a reduced overhead can be considered as a tradeoff between performance and complexity (that will result in higher power consumption). Since the pilot overhead is directly proportional to the measurement length, the results shown in Figure 2 suggest that the proposed StrMP-based estimator can attain, at a reduced pilot overhead, the performances exhibited by the other estimators at higher pilot overhead.



Considering the results in Figure 2, we opted for the value of   N = 64  , beyond which the performances of most of the estimators (except the proposed StrMP-based estimator) do not improve significantly. Using   N = 64  , Figure 3 depicts the NMSE performances of the estimators as SNR increases. Between the SNR range of   − 5   d B   and   1.5   d B  , the OMP-based estimator’s performance is better than that of the StrMP-based estimator but lags behind both the AdptSOMP-based estimator and DOMP-based estimator, which exhibits better performance than the StrMP-based estimator up to the SNR value of   4   d B  . Beyond the SNR of   1.5   d B   and   4   d B  , the proposed StrMP-based estimator outperforms OMP and both AdptSOMP and DOMP. Both AdptSOMP and DOMP perform almost equally through the range of the SNR considered. Specifically, at NMSE (dB) of   − 10  , the proposed StrMP-based estimator performs better than the OMP-based estimator by about   12   d B   and outperforms both the DOMP-based estimator and the second proposed AdptSOMP-based estimator by about   7   d B  . Both the proposed AdptSOMP-based estimator and DOMP-based channel estimator [12] outperform the OMP-based estimator because they both roughly consider the temporal correlations of the dynamic sparse channel, as explained in Section 3.1. The proposed StrMP-based estimator exhibits a better performance than all three other estimators because of its capability to detect the common channel taps accurately and track the dynamic channel taps rapidly, as alluded to in Section 3.3. The proposed StrMP-based channel estimation scheme, however, exhibits poor performance starting from SNR of 4 dB to lower values of SNR. This could be attributed to the pronouncement of noise power that might have affected its sensitivity to detect the common channel taps accurately and track the dynamic channel. This will warrant employing higher pilot overhead to improve its performance at the lower SNR regime.




4.2. Simulation Results for the Downlink RIS-Aided mmWave Massive MIMO System Model


In this sub-section, the RIS-aided mmWave massive MIMO system illustrated in Figure 1b is simulated to benchmark the performance of the proposed channel estimator for the downlink scenario. For this system, the bandwidth of 100 MHz is maintained while assuming the carrier frequency of 30 GHz,     N   B   =   N   B , x   ×   N   B , y   = 16 × 16  , and       N   R I S   = N   R I S , x   ×   N   R I S , y   = 16 × 16  , number of subcarriers   K = 64  ,     R   B   = 1   RF chain, number of paths   L = 6  , and initial sparsity-level     L  ˇ  = 3  . The parameter   ϵ =   σ   w   2     is employed for all the estimators, and     σ   w   2     is empirically obtained from the noise power spectrum density set as   − 174     d B m  /  H z     [12] at the user equipment point. Assuming that both the blocked and unblocked users communicate with the BS and RIS via only NLoS paths, respectively, the pilot overhead (Poverhead) evaluation of the channel estimators can be expressed as


  P o v e r h e a d =   N  /      N   B   +   N   R I S       .    



(34)







Results in Figure 4a,b are the NMSE performances versus the transmit power for the estimation of the blocked user’s channel,     h   r , k    , when the pilot overheads are set to   0.25   and   0.5  , respectively. In this case, the signal from     h   d , k     is treated as noise. At the instance, when the pilot overhead is set as   0.25  , the proposed AdptSOMP-based estimator and the DOMP-based estimator outperform the proposed StrMP-based estimator between the transmit power range of   − 5   d B m   and   5   d B m  . Beyond this SNR point, the proposed StrMP-based estimator outperforms all the other estimators with significant margins. When the pilot overhead is increased to   0.5  , the proposed StrMP-based estimator exhibits better performance than the other estimators, right from the transmit power value of   0   d B m   to higher values of the transmit power. At NMSE (dB) of   − 8  , the proposed StrMP-based estimator outperforms the OMP-based estimator by about   8   d B m  , and outperforms both the DOMP-based estimator and the second proposed AdptSOMP-based estimator by about   2.8   d B m  . The results in Figure 4b indicate that the proposed AdptSOMP-based estimator shows some level of robustness, from the transmit power value of   0   d B m   upward, against possible interference from the BS-to-RIS’s channel NLoS paths (though characterized with larger path loss in comparison with that of the LoS path) and the associated additive noise. Figure 5a,b depict the NMSE performances versus the transmit power for the estimation of the unblocked user’s channel,     h   d , k    , with the pilot overheads set to   0.25   and   0.5  , respectively. The signal from     h   r , k     is equally treated as noise. The two results show a strong departure from those of Figure 4a,b in that up to   5   d B m   and   3   d B m  , the proposed AdptSOMP-based estimator and DOMP-based estimator show improved performance and evidence of resilience to interference from the BS-to-RIS’s channel NLoS paths and additive noise while estimating     h   d , k     when compared with the proposed StrMP-based estimator for the case of pilot overhead values of   0.25   and   0.5  , respectively. The performance of the proposed StrMP-based estimator only begins to show improved performance compared with the two closely performing estimators, the proposed AdptSOMP-based estimator and the DOMP-based estimator, from   5   d B m   and   3   d B m   and beyond for the pilot overhead values of   0.25   and   0.5  , respectively. By considering Figure 4a,b, from the transmit power of 5 dBm and higher, the performance of the proposed StrMP-based estimator with reduced pilot overhead of 0.25 in Figure 4a is better than the performances of the other estimators with higher pilot overhead of 0.5 in Figure 4b. Similarly, by considering Figure 5a,b, from the transmit power of 8 dBm and higher, the performance of the proposed StrMP-based estimator with the reduced pilot overhead of 0.25 in Figure 5a is better than all performances of the other estimators with a higher pilot overhead of 0.5 in Figure 5b. Unlike all the other three estimators, the proposed StrMP-based estimator exhibits significant improvement in performance as the transmit power increases up to   25   d B m ,   while the performances of the other three estimators cease to show any improvement beyond the transmit power of   10   d B m  . This figure shows that the proposed StrMP-based estimator benefits from the increase in transmit power in estimating     h   d , k     and simultaneously shows resilience to both the interference from the BS-to-RIS’s channel NLoS paths and additive noise. In addition, as suggested in Section 4.1, the proposed StrMP-based estimator also benefits from its capability to detect the common channel taps accurately and track the dynamic channel taps rapidly, as alluded to in Section 3.3.





5. Conclusions


In this paper, two channel estimation techniques, based on SOMP and matching pursuit algorithms, are presented for uplink and downlink channels’ estimations in RIS-aided mmWave massive MIMO wireless communication systems. These were presented for one user in an uplink scenario and two users in a downlink scenario. Through computer simulation, the performances of the proposed estimators were investigated, and the comparative computational complexity costs of the proposed channel estimation schemes were analyzed. For the uplink channel scenario, one of the proposed estimators, the StrMP-based channel estimator, outperforms the two benchmark estimators. When optimum pilot overhead was employed, it was found that the proposed StrMP-based channel estimator performance exceeded others from the SNR value of 5 dB. In the downlink channels scenario, the proposed StrMP-based channel estimator’s performance only exceeds others from the 5 dB SNR for a lower overhead value of 0.25 and shows better performance from the SNR lower than 5 dB when the pilot overhead is increased to 0.5. The second proposed estimator, the AdptSOMP-based channel estimator exhibits performance similar to that of DOMP that incurred similar computational complexity costs with each other [12]. The better performance of the StrMP-based channel estimation scheme is at the expense of slightly higher computational complexity costs of both the AdptSOMP and DOMP. The poorly performing estimator based on the traditional OMP algorithm requires the least computational complexity. In terms of compromise between computational complexity and performance, one of the two proposed estimators, the StrMP-based channel estimation scheme, will be the best estimator of all the four estimators documented in this paper. For future research directions, since two users are considered for the downlink scenario, it may be necessary to investigate the case where we have more users in the networks. Scenarios where multiple users are connected to the BS without an LoS to the RIS, where multiple users are connected to the RIS, but their LoS’s to the BS are blocked, and where some users have access to both the RIS and the BS should be considered. Similar scenarios for the uplink case are worth investigating.
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Figure 1. System Models: (a) Uplink RIS-aided mmWave Massive MIMO System; (b) Downlink RIS-aided mmWave Massive MIMO Systems. 
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Figure 2. NMSE VS. Measurement length,   N  , performances of the proposed AdptSOMP−based estimator and StrMP−based estimator in comparison with OMP and DOMP: (a) SNR = 5 dB, (b) SNR = 10 dB, (c) SNR = 20 dB. 
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Figure 3. NMSE VS. SNR performances of the proposed AdptSOMP−based estimator and StrMP−based estimator in comparison with OMP and DOMP with   N = 64  . 
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Figure 4. NMSE vs. transmit power performances for the reconstruction of the blocked user’s channel,     h   r , k    , by the proposed AdptSOMP−based estimator and StrMP−based estimator in comparison with OMP and DOMP: (a) Pilot Overhead   = 0.25  , (b) Pilot Overhead   = 0.5  . 
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Figure 5. NMSE vs. transmit power performances for the reconstruction of the unblocked user’s channel,     h   d , k    , by the proposed AdptSOMP−based estimator and StrMP−based estimator in comparison with OMP and DOMP: (a) Pilot Overhead   = 0.25  , (b) Pilot Overhead   = 0.5  . 
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Table 1. Numerical Comparative computational complexity costs.
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	Channel Estimation Scheme
	Complexity Cost’s Order
	Numerical-Based Results    ( N = 64 ,   N   R I S   = 256 , K = 64 , L = 6 , L = 3 )   





	OMP
	   O   2 L N   N   R I S   2       
	   ≈ 98,304   



	DOMP
	   O   N     L   2   +   N   R I S   2   + K   N   R I S   2         
	   ≈ 272,630,336   



	Proposed AdptSOMP
	   O   N     L   2   +   N   R I S   2   + K   N   R I S   2     + L     
	   ≈ 272,630,342   



	Proposed StrMP
	   O   N   L   N   R I S   2   +   N   2   L + 3   N   R I S   2   + N   N   R I S   2     +   N   R I S   2   L     
	   ≈ 294,780,928   
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