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ABSTRACT 
 

The primary objective of millimeter wave (mmWave) Multiple-Input Multiple-Output (MIMO) systems is to 
effectively estimate the Channel State Information (CSI). Recent research has increasingly utilized the 
nuclear norm theory to recover a lower-rank structure of channel matrices. Certain sub-optimal solutions to 
the rank minimization issue arise when addressing nuclear norm-based convex formulations that reduce 
channel estimation accuracy. To mitigate this, this research developed the Channel Sparsity Regularization – 
Bidirectional Long Short-Term Memory (CSR-Bi-LSTM), effectively estimates a channel in mmWave 
MIMO-OFDM. This research incorporates sparsity as a constraint and ensures the method focuses on 
essential paths, enhancing accuracy and reducing noise. The Bi-LSTM network captures the relationships 
among OFDM symbols and exploits the spatial correlations between multiple antennas in MIMO. Moreover, 
it learns the non-linear relationship among pilot signals and channels, which helps to enhance accuracy of 
channel estimation. The developed algorithm obtained accuracy of 0.0993 for 35 learning rate, 0.990 for 45 
learning rate, 0.986 for 55 learning rate, 0.982 for 65 learning rate and 0.976 for 75 learning rate when 
compared to other conventional techniques. 
Keywords: Channel Estimation, Channel State Information, Millimeter wave, Multiple-Input Multiple-

Output and Pilot signals 
 
1. INTRODUCTION  

 

A mmWave communication has become a 
significant technique and attracts high attention in 
future wireless communication systems because of 
its greater “bandwidth resource of mmWave” [1-3]. 
Though, mmWave signal suffered from greater path 
loss and huge frequency. Additionally, this issue is 
resolved by the MIMO antenna array for obtaining 
information broadcasting and directional beam 
alignment [4]. Due to the short wavelengths of 
mmWave bands, compact constraints are developed 
with huge antenna arrays [5]. The channel estimation 
in mmWave communication is significant and has 
obtained much attention, where the channel 
estimation requires huge time slots due to huge 
antenna arrays of mmWave communication [6]. 
Additionally, mmWave channels include the sparsity 
feature in beamspace in that a stage shifter network 

is utilized to develop the beamspace channels [7]. 
Various research has evaluated channel estimation in 
huge MIMO systems, gathering essential attention, 
specifically about utilization of 1-bit ADCs in 
different environments [8]. In recent times, in 
wireless communication systems, the Deep Learning 
(DL)-based algorithms have showed efficient 
performance [9].  

A Recurrent Neural Network (RNN) is a DL-
based algorithm well-suited to handle the sequential 
and periodic data better than other DL-based 
algorithms like Deep Neural Network (DNN) and 
Convolutional Neural Network (CNN) [10]. RNN is 
a feed-forward neural network and processes input 
sequences of differing lengths over time. The RNNs 
use the past data for predicting future results by 
retaining the memories of previous events [11]. The 
RNN is the variant of Long Short-Term Memory 
(LSTM) developed with gating mechanisms for 



 
 Journal of Theoretical and Applied Information Technology 

15th September 2025. Vol.103. No.17 
©   Little Lion Scientific  

 
ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
6872 

 

control access to memory cells [12]. These networks 
are generally utilized for addressing sequencing 
problems. The LSTM assigns the gated structure 
rather than the hidden unit in conventional RNN, 
enabling it to choose and retain the essential 
information while ignoring inappropriate 
information [13]. By utilizing the LSTM mechanism 
to resolve channel estimation with 1-bit ADCs in 
massive MIMO systems, a combined LSTM – Gated 
Recurrent Unit (GRU) is developed, achieving 
higher channel estimation accuracy compared to 
conventional algorithms [14]. In contrast to LSTM, 
the Bi-LSTM network enabled the bi-directional 
data flow, which is beneficial for sequence 
classification. Compared with LSTM, the Bi-LSTM 
delivered enhanced accuracy by using input from 
backward and forward directions [15]. This network 
captures the additional input data feature by 
improving learning performance as the data flow in 
the Bi-LSTM network is enhanced. This article 
introduced CSR-BiLSTM which integrates Channel 
Sparsity Regularization into BiLSTM to improve 
channel estimation in mmWave MIMO-OFDM 
systems. Unlike traditional algorithms, developed 
algorithm employs out-in-channel regularization 
across consecutive layers, enables superior 
suppression of redundant paths and noise. This 
framework uses spatial and temporal correlations 
when preserving sparse nature of mmWave 
channels. The method captures non-linear 
relationships among pilot signals and channel states 
efficiently than other DL-models. The significant 
contribution of the manuscript is described as 
follows. 

 The Channel Sparsity Regularization – 
Bidirectional Long Short-Term Memory (CSR-
BiLSTM) method is developed to estimate the 
channels in mmWave MIMO-OFDM with high 
accuracy. 

 The Bi-LSTM network captures relationships 
among OFDM symbols and effectively learns 
the non-linear relationship among channel and 
pilot signals, enhancing the channel estimation 
performance. 

 Incorporating the CSR in the Bi-LSTM network 
focuses much on essential multi-path 
components and ignores the noise, which 
enhances the accuracy of channel estimation.  

This research paper is arranged as follows: Section 
2 analyzes a literature review of existing algorithms. 
Section 3 explains the details of the developed 
algorithm. Section 4 provides the results and 
comparison of the developed algorithm, and Section 
5 concludes the manuscript. 

2. LITERATURE REVIEW 
In this section, the existing algorithms developed 

for channel estimation in the MIMO-OFDM system 
are analyzed and described with their advantages and 
limitations. 

Zhang et al. [16] suggested the Generative 
Adversarial Network (GAN) and designed the novel 
framework as Homogeneous Denoising GAN 
(HDnGAN) for mitigating the issue of time-varies 
channel estimation for a mmWave MIMO system. 
This framework included a distinguishing traits of 
mmWave channels like spatial and temporal 
correlations and angular sparsity to network 
structure design. The efficiency of the system was 
shown through MSE and BER. However, this system 
directly estimated the delay components that 
minimize the system performance. 

Rahman et al. [17] presented the Bidirectional 
LSTM (Bi-LSTM) in the hidden layers of the 
network for improving the training capability 
through enriching the channel estimation of the 
developed system. Additionally, the developed 
algorithm incorporates past channel estimations for 
learning the difficult mapping from quantized 
incoming estimations to channel representations. 
The presented algorithm determined the effective 
channel estimation for a similar size of pilot 
sequencing as that reduced the essential 
configuration and length of pilot sequencing for 
ensuring the existence of the mapping function. 
Hence, the interpolation scheme was replaced and 
accomplished high channel estimation accuracy, but 
the BER was high in each circumstance. 

Sadeghi and Azghani [18] developed the multi-
task deep network for channel estimation to 
minimize the feedback overhead and pilot. The 
encoder network was developed for compressing the 
received signal and minimize the feedback overhead. 
Additionally, the decoder network was designed for 
redeveloping the compressed feedback. However, 
the method was not suitable for MIMO channel 
estimation due to pre-defined spatial regions in 
exploration. 

Zheng et al. [19] introduced the Trainable 
Proximal Gradient Descent Network (TPGD-Net) 
for channel estimation. The introduced method 
unfolded the iterative PGD technique to a layer-wise 
network with a gradient descent step size as the 
trainable parameter. Moreover, the proximal process 
in the PGD technique was replaced with a neural 
network, which extracted past channel information 
to execute the proximal process effectively. To 
improve the transmission of feature data over 
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network layers, introduced cross-layer feature 
attention fusion component to TPGN-Net. But the 
introduced method faced problems related to 
generalizability that didn’t employ differing 
configurations because that maximized the pilot 
overhead. 

Suneetha and Satyanarayana [20] implemented 
the improved channel estimation method with an 
optimized hybrid DL-based method. The 
combination of DNN and LSTM developed the 
hybrid method with Optimized D-LSTM, which was 
changed through Opposition Searched Exploration 
based Harris Hawks Optimization (OE-HHO). Input 
to an implemented method was considered as 
correlation between received signal vectors and 
measurement matrix to predict beam space channel 
amplitude. The implemented method doesn’t change 
in dynamic environments because it is related to pre-
defined spatial areas, which limited its adaptability 
in MIMO-OFDM. 

From the existing method analysis, have certain 
limitations like directly estimated the delay 
components that minimize the system performance. 
The interpolation scheme was replaced and 
accomplished high channel estimation accuracy, but 
the BER was high in each circumstance. Certain 
methods were not suitable for MIMO channel 

estimation due to pre-defined spatial regions in 
exploration. Existing algorithms faced problems 
related to generalizability that didn’t employ 
differing configurations because that maximized the 
pilot overhead. Traditional algorithms doesn’t 
change in dynamic environments because it is related 
to pre-defined spatial areas, which limited its 
adaptability in MIMO-OFDM. 

3. PROPOSED METHODOLOGY 
This research developed an effective DL-based 

algorithm to estimate the channel in mmWave 
MIMO-OFDM communication. The CSR-Bi-LSTM 
method is developed, which captures and learns the 
relationships among OFDM symbols, which 
enhances a performance of channel estimation. 
Incorporating CSR into Bi-LSTM network, which 
focuses much on essential multi-path components 
while filtering the noise, by enhancing channel 
estimation accuracy. 

3.1 System Model  
The mmWave MIMO communication system 

model is described in this section, where a primary 
aim is to estimate channels through expressing a 
compressed sensing issue. Figure 1 represents the 
system model of mmWave communication system. 

 

Figure 1: System model of mmWave communication system 

This framework includes group of users 𝑆 and 
base station BS with one antenna, the BS is installed 
to Uniform Linear Array (ULA). Consider an 
amount of RF chains and antennas BS are described 
as 𝑁𝑜ோி  and 𝑁𝑜஺ே. The system considers OFDM, 
where number of RF chains 𝑁𝑜ோி  is actively 
integrated with users’ 𝑆 RF chains, allowing them to 
function as S users simultaneously. While 𝑆 < 𝑁𝑜ோி  
that have concentrated on saving energy 

consumption. The received signal for all users is in 
equation (1). 

𝑧ௗ௟ = 𝐻 ∙ 𝐴ோி ∙ 𝐴ீ ∙ 𝑣 + ℓ                   (1) 

In the above equation (1), Additive White 
Gaussian Noise (AWGN) is represented as ℓ ∈ 𝑅௦ 
which satisfies the ℓ ∼ ℑ(0, 𝜎ଶ𝐼ௌ), signal vector is 
represented as 𝑣 ∈ 𝑅௦, that confirms the 𝐸𝑟{𝑣𝑣ு} =
𝐼ௌ and digital and analog precoder are denoted as 𝐴ோி 
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and 𝐴ீ. Then, channel matrix of whole users BS is 
given as equation (2), 

𝐻 = [ℎଵ, … , ℎௌ]் ∈ 𝑅ௌ×ே௢ಲಿ                             (2) 

Channel vector ℎ௦ ∈ 𝑅ே௢ಲಿ  for S user and BS by 
Saleh-Valenzuela mm Wave channel model, which 
is given as equation (3). 

ℎ௦ = ට
ே௢ಲಿ

ே௅ೞ
∑ ℎ௦,௜

ே௅
௜ୀଵ =

ට
ே௢ಲಿ

ே௅ೞ
∑ 𝑞௔,௜𝑎൫𝑁𝑜஺ே , 𝜃௦,௜൯ே௅

௜ୀଵ           (3) 

In the above equation (3), 𝑞௔,௜ represents the 
complex gain of 𝑖𝑡ℎ path, the 𝑁𝐿௦ represents the 
number of multiple channel paths and the ℎ௦,௜  
represents channel vector. The Line-Of-Sight (LOS) 
path for an initial channel is involved and Non-LOS 
(NLOS) paths for 𝑖𝑡ℎ path are included, 𝑁𝐿௦ − 1 and 
the mathematical formula for steering vector is given 
as equation (4). 

𝑎(𝑁𝑜, 𝜃) =
ଵ

√ே௢
ൣ1, 𝑒௞గఏ , … , 𝑒௞గఏ(ே଴ିଵ൧

்
           (4) 

The 𝑠𝑡ℎ user in 𝑖𝑡ℎ the path for Angle of Arrival 
(AoA) is distributed uniformly between [−𝜋, 𝜋]. By, 
condition of 𝜃௦,௜ = sin 𝐴𝑆௦,௜ is obtained when half-
wave length distance is considered and determined 
between two antennas in BS.   

3.2 Dataset 
The DeepMIMO dataset is used in this article to 

produce the geometric channel data depending on 
outdoor scenarios. The users are chosen from 𝑥 − 𝑦 
a grid defined as UGI with a static Base Station (BS) 
is activated. The parameters of a Deep MIMO 
dataset are described in Table 1. 

Table 1: Parameters of the Deep MIMO dataset 

Parameters Values 
Number of OFDM subcarriers 64 

Number of antennas  (1, 64, 1) 
Frequency band 28 GHz 

Active BS 3 
Number of channel paths 5 

Row subsampling 0.2 
System bandwidth 60 MHz 

User subsampling 0.3 
Active user rows 800 to 1200 

Total number of measurements 4320 
 
3.3 Bi-LSTM based channel estimation 

Bi-LSTM is a DL-based method developed to 
evaluate the channel across multiple different 
multiple paths effectively. This method plays an 
essential role in each component in an input signal 
and integrates a relevance information from a present 
and past. The linear DL method is represented as 
𝑓𝑑 (𝑠𝑖, 𝑣𝑥) = ∑ 𝑠𝑖௕௖𝑣𝑥௕௖

௛ௗ
௕௖ୀଵ , where ℎ𝑑 represented 

as input, the 𝑣𝑥 represents the weights and the 𝑓𝑑 (. ) 
represents given network. The Bi-LSTM network 
includes 2 LSTM that have trained with input 
sequence on forward direction. Input sequence is 
provided in reverse order to train other LSTM layers 
on backward directions. These input sequences 
contain both imaginary and original phases for 
simulating the raining data. LSTM network is taken 
to mitigate a gradient vanishing issue in RBB with 
long sequence information. Mathematical formula 
for four gates of LSTM is given as equation (5) to 
(8), 

𝑟𝑣௠௡ = 𝜙(𝑅௥௩𝑑𝑎௠௡ + 𝑉௥௩𝑔𝑑௠௡ିଵ + ℎ𝑎௥௩)     (5) 

𝑣𝑟௠௡ = tanh(𝑅௩௥𝑑𝑎௠௡ + 𝑉௩௥𝑔𝑑௠௡ିଵ + ℎ𝑎௩௥)     (6) 

𝑡𝑖௠௡ = 𝑣(𝑅௧௜𝑑𝑎௠௡ + 𝑉௧௜𝑔𝑑௠௡ିଵ + ℎ𝑎௧௜)         (7) 

ℎ𝑜௠௡ = 𝑣(𝑅௛௢𝑑𝑎௠௡ + 𝑉௛௢𝑔𝑑௠௡ + ℎ𝑎௛௢)       (8) 

The above equations (5) to (8), the 
𝑅௥௩, 𝑅௩௥ , 𝑅௧௜ , 𝑅௛௢ represent the weight matrices on 
the input state 𝑑𝑎௠௡. As well as weight metrics from 
past short term 𝑔𝑑௠௡ିଵ is represented as 
𝑉௥௩, 𝑉௩௥ , 𝑉௧௜ , 𝑉௛௢. The variables are represented as 
ℎ𝑎௥௩, ℎ𝑎௩௥ , ℎ𝑎௧௜ , ℎ𝑎௛௢. The present long-term state is 
given in equation (9). 

𝑐𝑑௠௡ = 𝑟𝑣௠௡ ⊗ 𝑐𝑑௠௡ିଵ + 𝑡𝑖௠௡ ⊗ 𝑣𝑟௠௡         (9) 

At last, the result is given in equation (10). 

𝑦𝑓௠௡ = 𝑔𝑑௠௡ = ℎ𝑜௠௡ ⊗ 𝑡𝑎𝑛ℎ(𝑐𝑑௠௡)           (10) 

In the above equation (10), the 𝑐𝑑௠௡ିଵ represents 
the past long-term state. Figure 2 represents the 
architecture of Bi-LSTM-based channel estimation. 
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Figure 2: Bi-LSTM based channel estimation 

3.3.1 Channel Sparsity Regularization 
In this manuscript, the channel sparsity 

regularization was developed for mitigating the 
issues of divided structured regularization. The 
respective channel of two consecutive layers 
processes simultaneously and is stored. Hence, the 
regularization concatenates the out and in channels 
as the single regularization technique out-in-channel. 
The mathematical formula for channel sparsity 
regularization is given in equation (11). 

𝐽(𝑊) = 𝐿𝑜𝑠𝑠(𝑊, 𝐷) + 𝜆𝑅(𝑊) +
𝜆௦ ∑ 𝑅௢௜௖(𝑊௟ , 𝑊௟ାଵ)௅ିଵ

௟ୀଵ          (11) 

In the above equation (11), 𝑅௢௜௖(𝑊௟ , 𝑊௟ାଵ) 
represents the channel sparsity regularization that 
regularizes the layer 𝑙 and layer 𝑙 + 1 together. The 
mathematical formula for two consecutive fully 
connected layer in CSR is given as equation (12). 

𝑅௢௜௖(𝑊௟ , 𝑊௟ାଵ) = ∑ ฮ𝑊௜
௟ ⊕ 𝑊௜

௟ାଵฮ
௢௜௖

ை஼೗
௜ୀଵ      (12) 

In the above equation (12), the ∑ ‖. ‖௢௜௖௜  represents 
the structure regularization term that simultaneously 
zero out whole weights in certain channels. This ⊕ 
represents the concatenation of 𝑊௜

௟ and 𝑊௜
௟ାଵ. The 

regularization in that features are simultaneously 
redistributed in the training phase. After training, 
redundant channel features are completely 
transformed into essential representation for 
effective channel estimation. As the outcome, the 
regularization technique can cause many redundant 
channels in huge networks with less accuracy loss. 
Generally, the correlation among layers is too 
difficult to formulate in a structured and regularized 
form. This is a trade-off between practicability and 
effectiveness for considering the correlation of two 
consecutive layers. The channel sparsity 
regularization is the generic regularization format 
that processes with numerous structured 

regularization terms. Its mathematical formula is 
given in equation (13). 

𝑅௢௜௖
∗ (𝑊௟ , 𝑊௟ାଵ) =

∑ ට∑ ൫𝑊௜,௝
௟ ൯

ଶ
௝ + ∑ ൫𝑊௝,௜

௟ାଵ൯
ଶ

௝
ை஼೗
௜ୀଵ                  (13) 

3.3.2 Objective function 
The primary objective of Bi-LSTM minimise the 

loss and increase the channel estimation performance 
with low pilot overhead. The developed Bi-LSTM 
method is deployed in the base station side for uplink 
channel estimation, where estimation is processed by 
a non-learning mapping relationship from the 
obtained pilot signal 𝑁 to uplink channel and its 
mathematical formula is given as equation (14). 

ℎ෠ = 𝜓ఏ(𝑦ே)                                  (14) 

In the above equation (14), the 𝜓ఏ  represents the 
non-linear mapping function with weights 𝜃. 
Though, utilizing training datasets, developed Bi-
LSTM is trained and the loss function is given as 
equation (15). 

ℒ(𝜃) =
ଵ

ெ
∑ ฮℎ෠௜ − ℎ௜ฮ

ଶ

ଶெ
௜ୀଵ                

(15) 

The training of Bi-LSTM is to increase the 
weights and reduce the loss function and its 
mathematical formula is given as equation (16). 

𝑚𝑖𝑛
𝜃

ℒ(𝜃) =
ଵ

ெ
∑ ||𝜓ఏ(𝑦௜

ே)ெ
௜ୀଵ − ℎ௜||                (16) 

Trained the Bi-LSTM iteratively on training 
dataset including the definition of the objective 
function. The weights are updated through gradient 
descent in each iteration 𝑡, and its mathematical 
formula is given as equation (17). 
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𝜃௧ାଵ = 𝜃௧ − 𝜂௧𝑔(𝜃௧)                           
(17) 

In the above equation (17), the 𝜃௧ and 𝜃௧ାଵ 
represents the weights for t and t+1 th iterations. This 
𝑔(𝜃௧) represents the gradient vector and the learning 
rate is represented as 𝜂௧. However, that immediately 
estimates the channel depending on learning Bi-
LSTM after the training process. 

3.3.3 Channel reconstruction 
It is taken as a sparse recovery issue because of 

sparse property ℎ௚
௚ , which is addressed by 

compressed sensing techniques. Because of limited 
beamspace resolution of 𝐴𝑔, sparsity of ℎ௚

௚ is 
affected by channel power leakage, resulting in a 
correctly sparse structure with numerous small non-
zero entries. Number of dominant entries is 
represented as 𝐽𝐾, sparse level of beamspace 
channel. At last, estimated channel vector for 𝑠𝑡ℎ 
user is obtained, and its mathematical formula is 
given in equation (18). 

ℎ෠௦ =
ேைಲಿ

ொ
𝐴𝑔ுℎ௚

௚
                                                 (18) 

It is determined that a developed Bi-LSTM 
network-enabled channel estimation strategy 
avoided greedy way. 

4. EXPERIMENTAL ANALYSIS 
In this section, the results are obtained by the 

developed method with previous algorithms. The 

developed Bi-LSTM-based channel estimation in 
mmWave MIMO OFDM is simulated with 
MATLAB R 2020b and the required system 
specifications are an i5 processor, 8GB RAM and 
Windows 10 (64-bit). The data is split into 80:20 
training and testing ratio. The performance of the 
developed algorithm is evaluated with evaluation 
metrics of Mathews Correlation Coefficient (MCC), 
Spectral efficiency, accuracy and Normalized Mean 
Square Error (NMSE). 

In Table 2, the developed algorithm is evaluated 
using accuracy and MCC metrics based on different 
learning rates. Existing algorithms like DNN, RNN, 
LSTM and traditional Bi-LSTM are considered to 
evaluate a performance of developed algorithm. The 
developed algorithm obtained accuracy of 0.0993 for 
a 35 learning rate, 0.990 for a 45 learning rate, 0.986 
for 55 learning rate, 0.982 for 65 learning rate and 
0.976 for a 75 learning rate. The developed algorithm 
obtained MCC of 0.798 for 35 learning rate, 0.832 
for 45 learning rate, 0.876 for 55 learning rate, 0.932 
for 65 learning rate and 0.966 for 75 learning rate. 
The developed learning algorithm shows effective 
performance when compared with existing 
algorithms. 

In Table 3, the developed algorithm is evaluated 
using NMSE and Spectral efficiency metrics based 
on SNR (dB).

Table 2: Performance of developed algorithm based on learning rate 

Methods Metrics Learning rate (%) 
35 45 55 65 75 

DNN Accuracy 0.964 0.960 0.957 0.950 0.943 
RNN 0.970 0.965 0.960 0.954 0.949 

LSTM 0.976 0.971 0.963 0.959 0.952 
Bi-LSTM 0.987 0.982 0.977 0.971 0.964 

Proposed CSR-BiLSTM 0.993 0.990 0.986 0.982 0.976 
DNN MCC 0.774 0.810 0.852 0.910 0.944 
RNN 0.780 0.816 0.859 0.916 0.951 

LSTM 0.786 0.820 0.865 0.921 0.957 
Bi-LSTM 0.792 0.827 0.870 0.928 0.960 

Proposed CSR-BiLSTM 0.798 0.832 0.876 0.932 0.966 

Table 3: Performance of developed algorithm based on SNR 

Methods Metrics SNR (dB) 
0 5 10 15 20 

DNN NMSE 0.47 0.46 0.42 0.35 0.30 
RNN 0.40 0.39 0.35 0.29 0.25 

LSTM 0.35 0.31 0.27 0.21 0.18 
Bi-LSTM 0.28 0.25 0.23 0.16 0.10 

Proposed CSR-BiLSTM 0.23 0.20 0.17 0.11 0.04 
DNN Spectral efficiency 12 15 18 22 25 
RNN 16 19 22 26 29 
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LSTM 20 24 27 30 33 
Bi-LSTM 23 26 29 32 36 

Proposed CSR-BiLSTM 26 29 32 37 41 

 
Existing algorithms like DNN, RNN, LSTM and 

traditional Bi-LSTM are considered to evaluate a 
performance of developed algorithm. The developed 
algorithm obtained an NMSE of 0.23 for 0 SNR, 0.20 
for 5 SNR, 0.17 for 10 SNR, 0.11 for 15 SNR and 
0.04 for 20 SNR. The developed algorithm obtained 
Spectral efficiency of 26 for 0 SNR, 29 for 5 SNR, 
32 for 10 SNR, 37 for 15 SNR and 41 for 20 SNR. 
The developed learning algorithm shows effective 

performance when compared with existing 
algorithms. 

4.1 Comparison results 
Performance of a developed algorithm is 

compared to existing algorithms like HDnGAN [16] 
and Bi-LSTM [17] using the Deep MIMO dataset. In 
table 4, performance of a developed algorithm is 
compared to HDgGAN [16] with some antennas in 
terms of NMSE. 

Table 4: Comparison with HDgGAN [16] 

Methods Number of antennas NMSE 
-5 dB 0 dB 5 dB 10 dB 15 dB 

HDnGAN [16] 32 0.0370 0.0096 0.0050 0.0021 0.0009 
64 0.0948 0.0402 0.0203 0.0068 0.0036 

128 0.2420 0.1190 0.0861 0.0526 0.0223 
Proposed CSR-BiLSTM 32 0.0342 0.0078 0.0043 0.0017 0.0007 

64 0.0932 0.0375 0.0196 0.0051 0.0025 
128 0.2141 0.1034 0.0763 0.0479 0.0178 

Table 5: Comparison with Bi-LSTM [17] 

Methods SNR (dB) NMSE (dB) 
Bi-LSTM [17] 5 -33 

10 -35 
15 -36 
20 -36 

Proposed CSR-BiLSTM 5 -35 
10 -36 
15 -38 
20 -39 

 

The developed algorithm obtained less NMSE 
when compared to HDgGAN [16] and showed 
effective performance in channel estimation. In 
Table 5, performance of a developed algorithm is 
compared with Bi-LSTM [17] with SNR in terms of 
NMSE. The developed algorithm obtained less 
NMSE when compared to Bi-LSTM [17] and 
showed effective performance in channel estimation. 

4.2 Discussion and Limitations 

The existing methods have certain limitations like 
directly estimated the delay components that 
minimize the system performance. The interpolation 
scheme was replaced and accomplished high channel 
estimation accuracy, but the BER was high in each 
circumstance. Certain methods were not suitable for 
MIMO channel estimation due to pre-defined spatial 
regions in exploration. Existing algorithms faced 
problems related to generalizability that didn’t 

employ differing configurations because that 
maximized the pilot overhead. Traditional 
algorithms don’t change in dynamic environments 
because it is related to pre-defined spatial areas, 
which limited its adaptability in MIMO-OFDM. The 
experimental outcomes represent the CSR-BiLSTM 
method consistently outperforms traditional DL 
models like DNN, RNN, LSTM and standard Bi-
LSTM especially in NMSE and spectral efficiency 
across different SNRs and antenna configurations. 
Comparing with HDnGAN [16] and Bi-LSTM for 1-
bit ADC based estimation [17], the developed 
approach obtains less NMSE and high estimation 
accuracy, shows its robustness in sparse mmWave 
channels. 

Limitations 

However, the model performance is sensitive to 
hyperparameters like learning rate and network 
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depth, that limits generalization ability without fine-
tuning. Additionally, CSR mechanism introduces 
complexity and affects the training time and resource 
requirements in real-world deployment. 

5. CONCLUSION 
Certain sub-optimal solutions to rank 

minimization arise when addressing nuclear norm-
based convex formulations, leading to minimized 
channel estimation accuracy. To mitigate this, this 
article developed the CSR-Bi-LSTM for precise 
channel estimation in mmWave MIMO-OFDM 
systems, with objective of enhancing estimation 
accuracy when minimizing noise and pilot overhead. 
Here, sparsity is incorporated as a constraint to 
ensure the method focuses on essential paths, 
enhances accuracy and minimizes noise. The Bi-
LSTM network captures the relationships among 
OFDM symbols and exploits the spatial correlations 
between multiple antennas in MIMO. Moreover, it 
learns the non-linear relationship among pilot signals 
and channels, which helps to enhance the accuracy 
of channel estimation. By integrating Channel 
Sparsity Regularization to Bi-LSTM network, 
method efficiently captures temporal and spatial 
correlations and filters out the redundant data. The 
developed algorithm obtained accuracy of 0.0993 for 
35 learning rate, 0.990 for 45 learning rate, 0.986 for 
55 learning rate, 0.982 for 65 learning rate and 0.976 
for 75 learning rate when compared to other 
conventional techniques. These outcomes represents 
the effectiveness of developed framework using 
sparse nature of mmWave channels. In future, 
different DL-based algorithms will be designed to 
further enhance the channel estimation accuracy. 

 

REFERENCES: 
[1] W. Shen, Z. Qin, and A. Nallanathan, “Deep 

learning for super-resolution channel estimation 
in reconfigurable intelligent surface aided 
systems”, IEEE Transactions on 
Communications, Vol. 71, No. 3, 2023, pp. 
1491-1503. 

[2] V.D. Nguyen, D.K. Phan and T.V. Chien, 
“Deep Learning-Assisted Channel Estimation 
in Frequency Selective UWA Communication 
Systems”, IEEE Access, Vol. 11, 2023, pp. 
96603-96614. 

[3] S. Lee and D. Sim, “Deep Learning-Based 
Channel Estimation Method for MIMO 
Systems in Spatially Correlated Channels”, 
IEEE Access, Vol. 12, 2024, pp. 79082-79090. 

[4] I. Khan, M. Cheffena, and M.M. Hasan, “Data 
aided channel estimation for MIMO-OFDM 

wireless systems using reliable carriers”, IEEE 
Access, Vol. 11, 2023, pp. 47836-47847. 

[5] J. Yang, W. Zhu, S. Sun, X. Li, X. Lin, and M. 
Tao, “Deep Learning for Joint Design of Pilot, 
Channel Feedback, and Hybrid Beamforming in 
FDD Massive MIMO-OFDM Systems”, IEEE 
Communications Letters, Vol. 28, No. 2, 2024, 
pp. 313-317. 

[6] W. Kim, Y. Ahn, J. Kim, and B. Shim, 
“Towards deep learning-aided wireless channel 
estimation and channel state information 
feedback for 6G”, Journal of Communications 
and Networks, vol. 25, no. 1, 2023, pp. 61-75. 

[7] R. Yang, S. Xu, Z. Zhu, C. Li, Y. Huang, and L. 
Yang, “Knowledge-Driven Channel Estimation 
for Asymmetrical Massive MIMO Systems”, 
IEEE Transactions on Vehicular Technology, 
Vol. 74, No. 1, 2025, pp. 911-924. 

[8] J. Du, Y. Chen, P. Zhang, S. Mumtaz, X. Li, and 
D.B. da Costa, “An Effective Simultaneous 
Channel Estimation and Sensing Algorithm for 
MmWave MIMO-OFDM Systems”, IEEE 
Transactions on Wireless Communications, vol. 
23, no. 11, 2024, pp. 17054-17069. 

[9] C. He, X. Wang, J. Jiao, Y. Huang, C. Han, Y. 
Zhang, and J. Zhu, “A rapid fingerprint 
positioning method based on deep 
convolutional neural network for MIMO-
OFDM systems”, Urban Lifeline, Vol. 2, 2024, 
p. 12. 

[10] V. Kondepogu and B. Bhattacharyya, “Hybrid 
AE and Bi-LSTM-aided sparse multipath 
channel estimation in OFDM systems”, IEEE 
Access, 2024. 

[11] C.Y. Wu, Y.K. Lin, C.K. Wu, and C.H. Lee, 
“Deep Learning Based End-to-End Design for 
OFDM Systems With Hardware Impairments”, 
IEEE Open Journal of the Communications 
Society, vol. 4, 2023, pp. 2468-2482. 

[12] M. Susandhika and A.S. Edward, “A Universal 
Approximation-Centered Deep Learning 
Framework for the Massive 5G MIMO-OFDM 
Channel Estimation”, IEEE Access, Vol. 12, 
2024, pp. 149351-149366. 

[13] J. Zhao, Y. Wu, Q. Zhang, and J. Liao, “Two-
stage channel estimation for mmWave massive 
MIMO systems based on ResNet-UNet”, IEEE 
Systems Journal, Vol. 17, No. 3, 2023, pp. 
4291-4300. 

[14] C. Silpa, A. Vani, and K.R. Naidu, “Optimized 
deep learning based hypernet convolution 
neural network and long short term memory for 
joint pilot design and channel estimation in 



 
 Journal of Theoretical and Applied Information Technology 

15th September 2025. Vol.103. No.17 
©   Little Lion Scientific  

 
ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
6879 

 

MIMO‐OFDM model”, Trans. Emerging 
Telecommun. Technol., Vol. 35, No. 1, 2024, p. 
e4925. 

[15] R. Chitikena and P.E. Rani, “Deep learning 
based channel estimation and secure data 
transmission using IEHO-DLNN and MECC 
algorithm in mu-MIMO OFDM System”, 
Wireless Personal Communications, Vol. 129, 
No. 4, 2023, pp. 2269-2289. 

[16] J. Zhang, S. Xu, R. Yang, C. Li, and L. Yang, 
“HDnGAN: A Channel Estimation Method for 
Time-Varying mmWave Massive MIMO”, 
IEEE Transactions on Wireless 
Communications, vol. 23, no. 11, 2024, pp. 
17189-17204. 

[17] M.H. Rahman, M.A.S. Sejan, M.A. Aziz, R. 
Tabassum, J.I. Baik, and H.K. Song, “Deep 
Learning Based One Bit-ADCs Efficient 
Channel Estimation Using Fewer Pilots 
Overhead for Massive MIMO System”, IEEE 
Access, vol. 12, 2024, pp. 64823-64836. 

[18] N. Sadeghi and M. Azghani, “Deep learning-
based massive MIMO channel estimation with 
reduced feedback”, Digital Signal Processing, 
Vol. 137, 2023, p. 104009. 

[19] P. Zheng, X. Lyu, and Y. Gong, “Trainable 
Proximal Gradient Descent Based Channel 
Estimation for mmWave Massive MIMO 
Systems”, IEEE Wireless Communications 
Letters, Vol. 12, No. 10, 2023, pp. 1781-1785. 

[20] N. Suneetha and P. Satyanarayana, “Intelligent 
channel estimation in millimeter wave massive 
MIMO communication system using hybrid 
deep learning with heuristic improvement”, 
International Journal of Communication 
Systems, Vol. 36, No. 5, 2023, p. e5400. 


