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ABSTRACT: Massive Multiple-Input Multiple-Output (massive MIMO) system relies on channel state information (CSI) 

feedback to perform precoding and achieve performance gain in frequency division duplex (FDD) networks. However, transmission 

of massive MIMO system is subject to excessive feedback overhead. To improve the channel estimation performance, we propose 

a prior-aided Gaussian mixture LAMP (GM-LAMP) based beam space channel estimation scheme in this paper. Specifically, based 

on the prior information that beam-space channel elements can be modeled by the Gaussian mixture distribution, we first derive a 

new shrinkage function to refine the AMP algorithm. Then, by replacing the original shrinkage function in the LAMP network with 

the derived Gaussian mixture shrinkage function, a prior-aided GM-LAMP network is developed to estimate the beam space 

channel more accurately. Simulation results by using both the theoretical channel model and the ray-tracing based channel dataset 

show that, the proposed GMLAMP network can achieve better channel estimation accuracy. 

Keywords: Multiple input Multiple Output, channel state information, frequency division duplex, Gaussian mixture. 

 

INTRODUCTION: The fifth generation (5G) wireless communications networks have a lot of novel requirements, 

such as the high system capacity with respect to the fourth generation (4G) networks, wide frequency range (Covering 

through millimeter wave (mmWave) bands), increased data rate, ultra-low latency, reduced energy, and low cost [1]. 

Massive MIMO system was found very promising to be utilized in 5G systems to achieve its requirements. In addition, 

using massive MIMO systems brought new challenges on channel modeling [2]. It is quite notable that one of the 

performance bounds of 5G, like any other communication system, is determined by channel characteristics. Therefore, 

an accurate channel model plays an important role in designing, evaluating, and developing wireless communication 

systems. Massive MIMO channel state information (CSI) feedback techniques were devised in order to get more 

accurate and dynamic estimate of channel parameters, as compared with other channel models such as ITU-R IMT-

2020, COST 2100 and the IEEE 802.11 ay models [3]. Artificial intelligence (AI) approaches were investigated in 5G 

systems to facilitate processing the signal received by massive MIMO antennas for the purpose of acquiring accurate 

channel estimation [4]. In this respect, a number of deep learning methods were proposed, with a variety of adopted 

algorithms. Compressive Sensing (CS) using the spatial and temporal correlation of CSI was used to obtain channel 

information with acceptable accuracy under substantially reduced feedback load [5]. Least Absolute Shrinkage and 

Selection Operator (LASSO) L1-solver [6] and Approximate Message Passing (AMP) [7], were used CS to estimate 

channel parameters. In [8], the authors utilized deep learning technology in massive MIMO to develop a CSI system, 

which was based upon using sensing and recovery network. The proposed network estimated the channel structure 

from training samples, and was called (CsiNet). In addition, several algorithms using Auto-encoder CsiNet 

arrangement which utilized few neural network (NN) layers were proposed in order to reduce the channel state 

information (CSI) feedback and perform recovery with high degree of accuracy [9]. The authors in [10] adopted a 

simple and efficient approach to reduce the overhead of downlink channel estimation and feedback using linear 

regression (LR) and support vector regression (SVR) in machine learning. Channel estimation is very challenging 

when the receiver is equipped with a limited number of radio-frequency (RF) chains in beam space millimeter-wave 

massive MIMO [11].  
 

MIMO-OFDM IN LINEAR TIME-VARYING CHANNELS: 

For MIMO-OFDM, denote the number of transmitters and receivers to be M and N, and the OFDM symbol length to 

be K. Denote the l-th channel tap between the m-th 

transmitter and the n-th receiver at time slot t by  
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h(t) l,m,n, l = 0, 1, . . . , L −1, where L is the channel length. Therefore, for linear time-varying channel model in one 

frame,  

h(t) l,m,n = hl,m,n+δt−lαl,m,n,  

 

where hl,m,n = 1K _l+K−1 t=l h(t) l,m,n is the time invariant part and  

αl,m,n is the time-varying factor of its l-th channel tap.  

 

δi = iK − K−1 2K indicates the time varying step. 

 

In [18] and [19], the input-output relationship of SISO-OFDM in linear time-varying channels has been introduced. 

For MIMO-OFDM, by regarding each pair of transmitter m and receiver n as a SISO-OFDM link, and by similar 

approach in [18] and [19], the time domain signal received at the nth receiver from the mth transmitter could be 

represented as 

ym,n = (Hm,n + Am,nB)xm 

where xm is the time domain sequence transmitted from the m-th transmitter, Hm,n is a K × K circulant matrix with 

the first column to be [h0,m,n, h1,m,n, · · · , hL−1,m,n, 0, · · · , 0]T , Am,n is a K × K circulant matrix with the first 

column to be [α0,m,n, α1,m,n, · · · , αL−1,m,n, 0, · · · , 0]T , B is a diagonal matrix such that B = Diag([δ0, δ1, . . . , 

δK−1]T ). Convert the signals to frequency domain,   

 

MILLIMETER-WAVE (MMWAVE) COMMUNICATION IN MIMO: 

Millimeter-wave (mmWave) communication [2], [3] and massive multiuser (MU) multiple-input multiple-output 

(MIMO) [4], [5] are expected to be core technologies of nextgeneration wireless communication systems. By 

combining both of these technologies, one can achieve unprecedentedly high-bandwidth data transmission to multiple 

user equipments (UEs) in the same time-frequency resource via fine-grained beamforming. The strong path loss of 

wave propagation at mmWave frequencies necessitates the infrastructure basestations (BSs) to acquire accurate 

channel state information (CSI) in order to perform data detection in the uplink (UEs transmit to BS) and MU 

precoding in the downlink (BS transmits to UEs) [6], [7]. To optimally determine the beamforming weights, accurate 

CSI is not only of paramount importance for hybrid analog-digital BS architectures [8]–[10] but also for emerging all-

digital BS architectures [11], [12]. In addition, the trend towards BS architectures with low-precision data converters 

to reduce power consumption, interconnect bandwidth, and system costs [13]–[15] requires novel algorithms and 

hardware designs that denoise the estimated channel vectors. 

CHANNEL ESTIMATION: 

Fortunately, wave propagation at mmWave frequencies is predominantly directional and real-world channels typically 

comprise only a small number of strong propagation paths, such as a line-of-sight (LoS) component and a few first-

order reflections [16]. These properties enable the design of sparsityexploiting CSI estimation algorithms that 

effectively suppress channel estimation errors [7]–[2]. Compressive sensing (CS)- based methods have been proposed 

for mmWave channel estimation in [21], [22], including methods that rely upon orthogonal matching pursuit (OMP) 

[2]–[4]. The majority of such methods uses a discretization procedure of the number of propagation paths that can be 

resolved in the beamspace (or angular) domain [5], which results in a problem widely known as basis mismatch [6]. 

To avoid the basis mismatch problem, sparse channel estimation for mmWave channels can, for example, be 

accomplished with atomic norm minimization (ANM) [7], [8] or Newtonized OMP [9].  

ANM estimates a discrete set of propagation paths off-the-grid by solving a semidefinite program (SDP). 

Newtonized OMP (NOMP) is a more efficient alternative to ANM and iteratively refines the incident angles of the 

dominant propagation paths off-the-grid with a complexity only slightly higher than that of conventional OMP. 

Although both of these methods do not suffer from the basis mismatch problem and exhibit excellent denoising 

performance, they entail high computational complexity. Hence, from a hardware-implementation perspective, such 

methods are less attractive, especially in massive MU-MIMO systems where the complexity is dominated by the large 

number of BS antennas. In addition, the performance of both of these methods strongly depends on algorithm 

parameters that need to be tuned for the given propagation conditions. Another strain of sparsity-exploiting channel-

estimation methods build upon approximate message passing (AMP)  While such methods promise high estimation 

accuracy, they suffer from a number of drawbacks when implemented in VLSI.  

 

EXISTING METHOD: 

AMP algorithm and LAMP network: 

Since the number of antennas in mmWave massive MIMO systems is usually large, the dimension of the sparse signal 

in (12) is high. Thanks to faster convergence, the iterative AMP algorithm can be used to recover the sparse signal 

with low computational complexity, especially for the highdimensional sparse signal [15]. In this subsection, we 

introduce how the complex-valued AMP algorithm estimates the beam space channel, as shown in Algorithm 1 
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In Algorithm 1, the term btvt−1 and term ctv ∗ t−1 in Step 1 are called Onsager Correction [15], which are introduced 

into the AMP algorithm to accelerate the convergence. The 

 

critical step of the AMP algorithm is Step 4, in which the estimate h ˆ˜ t+1 in the tth iteration is obtained through the 

soft threshold shrinkage function ηst: C N → C N . The shrinkage function ηst is nonlinear element-wise operation, 

which takes the sparsity of the vector h˜ into consideration, and makes the estimate h ˆ˜ t+1 sparser. For the ith element 

rt,i = |rt,i| e jωt,i (i = 1, 2, · · · , N) of input vector rt, we have 

 
where ωt,i is the phase of complex-valued element rt,i, λt is the predefined and fixed parameter in the tth iteration, 

and σ 2 t is updated via estimating the noise variance in Step 2. From (13), we can find that the soft threshold shrinkage 

function ηst can shrink the amplitude of complex-valued input with low power to zero. In Step 5 and Step 6, the 

element-wise derivatives of the shrinkage function ηst at the input vector r and its conjure vector r ∗ are respectively 

calculated to obtain bt+1 and ct+1. Although the AMP algorithm is good at dealing with the large-scale sparse signal 

recovery problem, there are still two problems when it is used for the sparse beamspace channel estimation. First, the 

shrinkage parameter λt in (13) usually takes the same empirical value for all iterations. Second, the general AMP 

algorithm cannot fully exploit the prior distribution of the beamspace channel.  

 

OPOSED METHOD: 

GM-LAMP network 

In order to estimate the beamspace channel more accurately, we integrate the LAMP network and the new shrinkage 

function derived from the Gaussian mixture distribution to propose a prior-aided GM-LAMP network. Specifically, 

we replace the original soft threshold shrinkage function in the existing LAMP network by the Gaussian mixture 

shrinkage function. Therefore, the proposed GM-LAMP network is still constructed on the AMP algorithm. Similar 

to Fig. 2, the GM-LAMP network also have T homogeneous  

layers, where the inputs and outputs of each layer are the same as those of the LAMP network. The inputs of the tth 

layer are represented by y ∈ CM, h ˆ˜ t ∈ C N and vt ∈ CM, where y is the measurement vector, h ˆ˜ t and vt are the 

outputs of the (t − 1)th layer. The outputs of the tth layer can be represented by h ˆ˜ t+1 and vt+1, representing the 

estimate vector and residual vector of the tth layer, respectively. The difference is that the soft threshold shrinkage 

function ηst of each layer is replaced by the Gaussian mixture shrinkage function ηgm. To do this, the channel estimate 

h ˆ˜ t+1 of the tth layer in the GM-LAMP network can be obtained by 
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where σ 2 = ∥vt∥ 2 2 M is obtained in the same way as the AMP algorithm and the LAMP network [29], the linear 

transform coefficients Bt and nonlinear shrinkage parameters θt are trainable variables to be optimized in the training 

phase. Next, we discuss how the GM-LAMP network works for the beamspace channel estimation problem in 

mmWave massive MIMO systems. Like most existing DNNs [24]–[26], the GMLAMP network mainly works in two 

phases: offline training phase and online estimation phase. In the offline training phase, given a large number of known 

training data, the GMLAMP network aims to optimize overall trainable variables ΩT −1 = {Bt, θt} T −1 t=0 by 

minimizing the loss function. In the online estimation phase, by inputting the new measurements y, the trained GM-

LAMP network can output the estimated beamspace channel h ˆ˜. Next, we introduce these two phases in detail. 

1) OFFLINE TRAINING PHASE:  

In this paper, we adopt the supervised learning to train the GM-LAMP network. The training dataset can be represented 

{y d , h˜d} D d=1, where y d is the input of the GM-LAMP network, h˜d is the corresponding label, and D represents 

the number of the training data. In order to avoid overfitting, the layer-by-layer training method adopted by [29] is 

used to train the GM-LAMP network. Generally speaking, the layer-by-layer training method can be explained from 

three steps. Firstly, the whole training procedure can be divided into T sequential training sub-procedures [29]. For 

the tth training sub-procedure, we aim to refine the trainable variables Ωt = {Bi , θi} t i=0 of the i = 0, · · · , i = tth 

layer. Each layer of the GM-LAMP network has its own loss functions. Secondly, we define two types of loss functions 

as follows, which are related to the linear transform operation and the nonlinear shrinkage operation: 

 
where r d t is the output of the linear transform operation in (2), and h ˆ˜ d t+1 is the output of the nonlinear shrinkage 

operation in  (i.e., the estimated channel of the tth layer). Based on these two loss functions, the training sub-procedure 

for the tth layer are further divided into the two parts: the linear training for aiming to minimizing L linear t and the 

nonlinear training for aiming to minimizing L nonlinear t . Thirdly, the hybrid method of “individual” and “joint” 

optimization is further adopted in linear training and the nonlinear training. Specifically, in the linear training of the 

tth training sub-procedure, only the linear transform coefficients Bt are first optimized individually, and all trainable 

variables Ωt−1 of the previous i = 0, · · · , i = (t − 1)th layer together with Bt are optimized jointly. Similarly, in the 

nonlinear training of the tth training sub-procedure, the nonlinear shrinkage parameters θt are first optimized 

individually, and then all trainable variables Ωt−1 of the previous i = 0, · · · , i = (t − 1)th layer together with Bt and 

θt are optimized jointly. Based on the above three steps, the trained GMLAMP network can be efficiently fine-tuned 

in each layer, and therefore avoid bad local optimum caused by overfitting  
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Algorithm 2 shows the specific layer-by-layer training method. Steps 1-3 represent the training sub-procedure for the 

initial layer (i.e., t = 0), where B0 and θ0 are first optimized individually and then optimized jointly. Then, the training 

sub procedure for the t = 1, t = 2, · · · , t = (T − 1)th layer are performed sequentially. Before training, trainable 

variables of the tth layer are initialized as the values for those of the (t − 1)th layer, as shown in Step 4. Steps 5-6 and 

Steps 7- 8 represent the linear training and the nonlinear training of the training sub-procedure for the tth layer, 

respectively. Step 5 represents the individual optimization of linear transform coefficients Bt, while Step 6 represents 

the joint optimization of Ωt−1 and Bt. Similarly, Step 7 represents the individual optimization of nonlinear shrinkage 

parameters θt, while Step 8 represents the joint optimization of Ωt−1, Bt and θt. After overall trainable variables ΩT 

−1 of T layers are optimized, we can obtain a trained GM-LAMP network to directly estimate the beamspace channel. 

2) Online estimation phase: In this phase, we apply the trained GM-LAMP network to the beamspace channel 

estimation problem in mmWave massive MIMO systems, where 

he new measurements are fed into the trained GM-LAMP network to directly generate the corresponding estimates. 

Finally, the normalized mean square error (NMSE) is used to evaluate the performance of the GM-LAMP network: 

 
 

RESULTS: 

 

 
Fig:a NMSE performance comparison of different trained GM-LAMP networks with different training settings. 

 
Fig: b NMSE performance comparison for ULAs based on the Saleh Valenzuela channel model. 
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NMSE performance comparison for ULAs based on the SalehValenzuela channel model. 

 
Fig. c NMSE performance comparison for UPAs based on the SalehValenzuela channel model. 

 

 
Fig: d NMSE performance comparison for ULAs based on the Deep MIMO dataset. 

 

 
 
Fig: e NMSE performance comparison for UPAs based on the Deep MIMO dataset. 
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Fig f: The number of complex multiplications against the number of antennas N 

 

 
Fig: g Sum-rate for beam selection against different NMSE for the beamspace channel estimation. 

 

 
Fig. h NMSE performance against the number of layers for the GM-LAMP network. 
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COMPARISON ANALYSIS: 
TABLE1 Comparison Table for SV Model(ULA) 

 
 

TABLE2: Comparison Table for SV Model(UPA) 

 
TABLE3: Comparison Table for Deep MIMO Dataset(ULA) 

 
Table4: Comparison Table for Deep MIMO Dataset(UPA) 



DOI: 30.1825/ijearst.55.58.4363 https://ijearst.co.in/ 

INTERNATIONAL JOURNAL OF ENGINEERING IN ADVANCED RESEARCH SCIENCE AND TECHNOLOGY 
Vol.01, Issue.03, March-2026, Pages: 430-439 

Copyright @ 2026 IJEARST. All rights reserved. 

 
CONCLUSION: 

Finally, this project proposed a prior-aided GM-LAMP network to solve the beamspace channel estimation problem 

in mmWave massive MIMO systems. Specifically, we first derive a new shrinkage function by exploiting the Gaussian 

mixture prior distribution of beamspace channel elements. Different from the original shrinkage function in the 

existing LAMP network, the derived Gaussian mixture shrinkage function can embody more prior information of the 

beamspace channel besides sparsity. Then, by integrating the LAMP network with the Gaussian mixture shrinkage 

function, a GM-LAMP based beamspace channel estimation scheme is developed. To verify the performance of our 

work, we provide simulation results on the Saleh-Valenzuela channel model and the ray-tracing based DeepMIMO 

dataset, respectively. Simulation results show that compared with the existing LAMP network and other conventional 

beamspace channel estimation schemes, the proposed GM-LAMP network considering the prior distribution can 

achieve better estimation accuracy with a low pilot overhead. We can find by leveraging the domain knowledge of the 

problems to be solved, the general DNN can be redesigned to improve the performance for the specific problems. For 

future work, we will follow the idea of the proposed GM-LAMP network to solve the channel estimation problem in 

terahertz (THz) communications by considering THz channel features 

FUTURE SCOPE: 

Today the cell framework requests higher information rates, low-inertness transmissions and sensors with ultra low-

control utilization. Current cell frameworks of the fourth era (4G) are not ready to meet these developing requests of 

future versatile correspondence channels. To address this necessity, Generalized frequency division multiplexing 

(GFDM), a novel multi-bearer tweak system is proposed to fulfill the future needs of fifth era innovation. GFDM is a 

square based transmission strategy where beat molding is connected circularly to singular subcarriers. Dissimilar to 

customary orthogonal recurrence division multiplexing, GFDM transmits various images per subcarrier. 
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