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Deep Learning (DL) approach-based channel estimation technique to enhance recovery
quality and improve the trade-off between compression ratio (CR) and complexity of a
massive MIMO system. The first proposed technique uses the Channel State
Information Network combined with the gated recurrent unit (CsiNet-GRU). The second
proposed technique is based upon using CsiNet combined with Legendre Memory Unit
in GRUs layers (CsiNet-LMU-GRUs) which improves a novel memory cell for recurrent
neural networks that dynamically maintains along by information across long windows
of time using relatively few resources. Moreover, the proposed techniques use the
dropout method to reduce overfitting during the learning process. The simulation
results demonstrate that the proposed (CsiNet-GRU) and (CsiNet-LMU-GRUs)
techniques result in a significant performance improvement when compared with
existing techniques used in conjunction with massive MIMO systems.
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1. Introduction

The fifth generation (5G) wireless communications networks exhibit extended facilities over 4G
ones in terms of much higher system capacity, wider frequency spectrum by utilizing millimeter wave
(mmWave) bands, higher data rates, ultra-low latency, and lower energy consumption, all at low cost
[1]. Massive Multiple-Input Multiple-Output (MIMO) antenna configurations were devised to
improve the performance of wireless communication systems, which are characterized by a very
large number of users. They are therefore found most appropriate to be used in 5G networks since
they have the characteristics that match its requirements. In addition, they are more suitable to be
developed in the mmWave bands. However, the prediction of the channel characteristics is
considered a factor of prime importance in the development of 5G networks. It is therefore essential
to acquire sufficient knowledge about these characteristics to design and evaluate such networks.
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Nevertheless, the utilization of a massive MIMO framework poses new challenges in channel
modeling [2]. The very large number of communication paths offered by massive MIMO
configurations led to the introduction of channel state information (CSI) feedback techniques, which
allowed a more accurate and dynamic estimate of channel parameters, as compared with other
channel models such as the geometry-based stochastic channel models [3]. However, one challenge
facing the practical implementation of CSI feedback networks is the computational complexity. A
review of the CSI structures based on the spatial domain, the time/Doppler domain, and the
frequency domain is given in [4].

To reduce the number of operations during signal processing, several low-rank (or sparse)
approaches for channel estimation were investigated. The authors in [5] gave an overview of such
approaches. The potential approaches of artificial intelligence (Al) and its sub-categories such as
machine learning and deep learning were investigated in 5G systems to facilitate processing
operations [6]. As far as massive MIMO configurations are concerned, several deep learning methods
were proposed to estimate the communication channel state information (CSI) with a variety of
adopted algorithms. The authors in [7] investigated the performance of the conventional minimum
mean square error (MMSE) algorithm when used in massive MIMO CSI and proposed a method to
predict the required correlation matrix.

The authors in [8] investigated the performance of the Least Absolute Shrinkage and Selection
Operator (LASSO) algorithm with the use of an elastic net to get an estimate of the CSI in sparse
channels. An approximate message passing (AMP) algorithm was proposed in [9] based on a sparsity—
under sampling tradeoff approach to reconstruct the compressed signal. In [10], the authors
developed a massive MIMO CSI system based on a sensing and recovery network. The proposed
network estimated the channel structure from training samples and was called the Channel State
Information Network (CsiNet). In [11], the authors utilized the linear regression (LR) and support
vector machine (SVM) models to reduce the overhead for the downlink CSI estimation and feedback
in frequency division duplex (FDD) massive MIMO systems.

In MIMO FDD systems with a relatively small number of elements, feedback CSI is obtained
through a pre-defined codebook at both the transmitter and the receiver. However, in massive
MIMO, the number of codewords increases exponentially with the number of antennas [12]. In [13],
the authors proposed a relatively simple codebook construction for both the transmitters and
receivers, making use of temporal correlations and channel gain differences. They also investigated
the performance of different CSI feedback algorithms for distributed antenna systems (DAS) as
applied to multi-user MIMO (MU-MIMO) configurations. In [14], the authors investigated efficient
techniques for quantizing high-dimensional channel vectors to obtain CSI feedback in FDD systems.
They devised a non-coherent trellis-coded quantization (NTCQ) in which the encoding complexity
varied linearly with the number of antennas.

The authors in [15] proposed a cooperative feedback scheme, in which the users can exchange
their CSI with each other through device-to-device (D2D) communications. They make use of this
information to compute the precoder and then feed it back to the base station (BS). In [16], the
authors proposed a deep autoencoder (AE) based CSI feedback scheme capable of being tolerant to
the impact of both feedback errors and feedback delays in the FDD massive MIMO system. The very
large number of antennas utilized in massive MIMO results in too large feedback to acquire CSI. It is
therefore necessary to compress CSl feedback signals before being processed. This was done through
the compressed sensing (CS) approach, in which a sparse signal can be reconstructed from very few
incoherent measurements [17]. In this respect, several CS techniques were devised. In [18], the
authors used a compressive sensing (CS) technique under a significantly reduced feedback load to
obtain CSI. In [19], the authors introduced a reconstruction algorithm for CS and suggested
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dimensionality reduction as a compression method. The proposed technique exhibited better
performance in both single and multi-user scenarios. In [20], the authors analyzed the performance
of different algorithms utilized in CS as being applied to band-limited signals. In a massive MIMO
system, the number of radio frequency (RF) chains is limited although the number of antenna
elements is large. This represents a challenging aspect in the design of CSI feedback. Deep learning
(DL) techniques were devised to tackle this dilemma. In DL, the multilayered neural network (NN) is
fed with a very large number of CSI data as learning inputs and outputs [21].

One of the proposed deep learning approaches was given in which the authors proposed a
denoising convolutional neural network technique that could learn channel structure and then get
channel information from many training data. CNN translates the extracted features of the channel
into a codeword. At the decoder, this codeword is translated back into channel parameters. In [22-
23], the authors introduced modified versions of the CsiNet by introducing a long short-term memory
(LSTM) memory module to make use of time and frequency correlations. The authors in [24]
proposed a CNN configuration that estimated the CSI, making use of both spatial and frequency
correlations. The proposed configuration was applied to massive MIMO operating in a
communication system that employed orthogonal frequency division multiplexing (OFDM). In [25],
the authors developed a CSI scheme that combined CNN with the LSTM network and proposed an
online-offline two-stage training mechanism that resulted in more stable information suitable to be
applied to 5G systems. The authors in [26] proposed a multiple-moment CSI prediction scheme based
on multi-hidden layer NN, in which two sample construction methods were devised to improve
prediction performance and reduce complexity.

The CSl acquired at a massive MIMO base station was used by the authors in [27] to indicate the
position and movement of user equipment (UE) within the cell coverage area. To reduce the
complexity encountered by massive MIMO systems operating in the millimeter wave (mm-Wave)
bands, a hybrid precoding scheme based on deep learning (DL) NN was introduced [28]. The
algorithm was based on DL, in which the feedback network was trained offline by the massive MIMO
channel data and was characterized by low feedback overhead and high feedback accuracy.

In this paper, we propose a Deep Learning-based technique for improving channel estimation
accuracy and the efficiency of massive MIMO in 5G systems. The proposed technique is based on a
channel state information network combined with a gated recurrent unit (CsiNet-GRU) to enhance
recovery quality. Besides, it gives a reasonable trade-off between compression ratio and complexity
by using time correlation in training samples and is based upon using CsiNet combined with Legendre
memory unit in GRUs layers (CsiNet-LMU-GRUs). This structure can increase the input time step or
memory capacity, design a Legendre Memory Unit (LMU), and combine it with a model based on the
gated recurrent unit layers to expand each period's time step. The proposed techniques use the
dropout method to reduce overfitting during the learning process.

The proposed technique is evaluated and compared to other similar methods that have been
published in the literature. The remainder of the paper is arranged as follows: Section 2 describes the
COST 2100 Data Set. Section 3 describes the utilized system model. Section 4 describes the channel
state information combined with a gated recurrent unit (CsiNet-GRU) and applies the dropout
method. Section 5, using the dropout method, describes the proposed channel state information
gated recurrent unit combined with Legendre Memory Unit (CsiNet-LMU-GRUs). Section 6 gives the
simulation and results analysis. Finally, Section 7 gives the conclusion of the paper.
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2. Methodology
2.1 COST 2100 Data Set

The European Cooperation in Science and Technology (COST) 2100 channel model is a GSCM that
can reproduce the stochastic properties of MIMO channels over time, frequency, and space. A multi-
path component (MPC) is characterized in delay and angular domains by its delay, angle of departure
(Azimuth of Departure (AoD), Elevation of Departure (EoD)), and angle of arrival (Azimuth of Arrival
(AoA), Elevation of Arrival (EoA)). The MPCs with similar delays and angles are grouped into multi-
path clusters.

The Matlab implementation of C2CM supports both single-link and multiple-link MIMO channel
access indoor (285 MHz) and semi-urban (5.3 GHz) channel scenarios. An overview of the C2CM is
presented in a detailed description of the channel model. Parameterization of the C2CM in indoor
scenarios is detailed while discussing semi-urban scenarios. The C2CM is implemented in Matlab,
while the semi-urban channel scenario is implemented in [29]. However, the data generated in these
Matlab implementations are not presented as potential datasets to validate multi-path clustering
methods and even in the well-known clustering approaches.

2.2 Utilized System Model

A single-cell FDD massive MIMO-OFDM is considered a framework, where the number of
transmitting antennas N is very large (N; >>1) at the base station (BS), and a single receiving antenna
is used at the user equipment (UE).

The discrepancy between the title of the paper mentioning “MIMO” and the description focusing
on a scenario with a single receiving antenna can be explained by considering that even though there
is only one receiving antenna at the user equipment in this specific setup, the massive MIMO concept
still applies due to the large number of transmitting antennas at the base station.

In this context, despite having only one receiving antenna at the user end, the massive MIMO
configuration with numerous transmitting antennas at the base station enables spatial multiplexing
and beamforming techniques that are characteristic of traditional MIMO systems. Therefore, while
it may seem contradictory at first glance, the title “MIMO” in this case refers to the overarching
technology employed at the base station rather than solely focusing on multiple antennas at both
ends of the communication link. Consider that the OFDM incorporates several N subcarriers (N <
N,). The n'® subcarrier received signal as mentioned in Eq. (1) is given by:

yo=h v, x, + z, (1)

where h# and y, € C N, x 1is the channel frequency response vector and the pre-coding
vector at n‘"* subcarrier, separately, x, separately represents the image of the transmitted
information, z, is the noise or obstruction additive, and ()" Speaks to transpose conjugate; Enhance
the feedback link through the UE and BS in the FDD system, with a focus on the feedback scheme
"allowing auto-encoder processing, assuming": This means that the UE should return to the BS
through a feedback link in the CSI stacked in the spatial frequency domain; The total number
parameter is Ny N. in the feedback system. The encoder's design for dimension compression is
critical. The encoders in [5] on the other hand, each used one convolutional layer and one fully linked
layer. CsiNet Pro's encoder uses four convolutional layers for feature extraction and one fully
connected layer for dimension compression, which is a major change. The four convolutional layers

use 7 kernels to generate 16, 8, 4, and 2 feature maps, respectively as shown in Figure 2.

396



Journal of Advanced Research in Applied Sciences and Engineering Technology
Volume 60, Issue 5 (2026) 393-413

Encoding system
The structure of CsiNet

CsiNet
| l l | ! ]
Conv. Conv Conv Conv _
16 s 4 >
*

- - -
* x x
Decoding system

CsiNet

Fig. 1. Architecture of CsiNet [5]

2.3 The CsiNet-GRU Technique

Please pay attention to the feedback link included in both UE and BS in the FDD system. For this,
pay attention to feedback schemes that allow autoencoder to handle. Use GRU as a gating
mechanism, which is an advanced modeling of RNN, in which processing is performed to retain or
forget information. The GRU (processing) operation is based on two gates, the reset gate and the
update gate, being used in Figure 2. which displays the GRU block diagram. The update gate function
is identical to the forget and input gate in LSTM, which determines what data is discarded and what
new information is added. The reset gate is used to assess how much past knowledge is forgotten.
utilized the GRU algorithm based on the Python-based deep learning library Keras configured with
TensorFlow backend. The Xavier initialization was used to start all the weight matrices, while the bias
matrices were set to zero. As demonstrated in Figure 16, the GRU layer's activation function is ReLU.

To reduce the loss function, adaptive moment estimation (Adam) was utilized as an optimizer. It
calculates the update weights and bias based on the first-moment estimation and the second-
moment estimation meanwhile (Dey and Salem), combining the advantages of AdaGrad and
RMSProp. To avoid overfitting, the least squares (L2 norm) regularization and dropout approach were
used. The parameters of the suggested GRU models are listed in Table 1. GRU is used for the time-
dependent extraction and final reconstruction of CSI to extend the CsiNet decoder [30]. Each GRU
has a memory unit that, for future prediction, can hold previously extracted information for a long
time. A 3-3 convolutional layer, an M-unit dense layer for sensing, and a dense layer with 2N/N; units
should be considered to facilitate comparison with the results of the CsiNet structure given in [5] and
two decoders from RefineNet for reconstruction and each RefineNet comprises four 3x3
convolutional layers with different channel sizes.

The gated recurrent unit structure allows it to adaptively capture dependencies from large data
sequences without discarding information from earlier parts of the sequence. This is achieved
through its gate units, like those in long short-term memory, which solve the vanishing/exploding
gradient problem of traditional RNNs; These gates are responsible for regulating the information to
be kept or discarded time step. Other than its internal gating mechanisms, the GRU functions like an
RNN, where sequential input data is consumed by the GRU cell at each time step along with the
memory, otherwise known as the hidden state. The hidden state is then re-fed into the RNN cell and
the next input data is in the sequence.
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Table 1
The parameters of the trained GRU model
Parameters value
Number of neurons 32 for the GRU layer; and 1 for the dense
layer
HW 14 days
Index of shuffle 100
Epoch 500
Batch size 200
Loss function MAP
Optimizer Adam
Activation function RelLU
Regularization parameter of L2 norm (A) 0.01
Dropout rate 0.1
Learning rate 0.001

The mathematical representation of the GRU structure as mentioned in Eq. (2), Eq. (3), and Eq.
(4) is as follows: Fully gated unit Initially, for t = 0, the output vector is hy = 0.

Zt=pg (W, x +Uz he_q +b,) (2)
1t =pg (Wp xe + Uy hy_q + b)) (3)
h=z,0he_1 +(1-2) O pp (Wy x, +Up (1: O he_y ) + by) (4)

where, x; input vector, h; output vector, z, update gate vector, r; reset gate vector, W, U and b
denote matrices and vectors, respectively, Activation functions are p, original sigmoid activation
¢n, The initial hyperbolic tangent; Alternative activation functions can be used, provided the p, (x) €
[0,1]; It is possible to construct alternative forms by modifying z; and ;.

GRU's ability to hold on to long-term dependencies or memory stems from the gated recurrent
unit cell's computations to produce the hidden state. At the same time, LSTMs have two different
states passed between the cell state and hidden state, which carry the long and short-term memory,
respectively GRUs only have one hidden state transferred between time steps.

This hidden state can hold both long-term and short-term dependencies at the same time due
to the gating mechanisms and computations that the hidden state and input data go through.

yltl
h[t-11 > / j X + h[t]
Z/\
rit] 1- 'I\
x 21 | > - hit]
> o !> o |D>tanh]|

\ J J
[ \

N
x[t]

Fig. 2. The block diagram of (GRU) [30]

The channel group in an angular-interval domain as mentioned in Eq. (5) is given by:
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2.4 The Proposed CsiNet-LMU-GRUs Technique Using Dropout Method

For tasks requiring lengthy time dependencies to be mastered, caption generation for machine
translation, speech recognition, and several recurrent neural network (RNN) architectures have been
used. LSTM and GRU are successful architectures that have an excellent example of a complex
temporary relationship. mix memory cells and igniters that store and combine data non-linearly over
time. Long-short-term memory is probably the most effective type of repetitive neural network
(RNN) applied to many real-world problems, from captions, and generation to musical composition.

However, it breaks down when the task with learning time dependencies spans thousands of
steps, making it very difficult to measure practically to improve long time windows. LMU is a new
type of RNN with a memory cell with a particular weight structure mathematically derived with
dynamic systems theory to preserve continuous time-scale unchanged memory.

Keras or TensorFlow expressed and trained by propagation over time, which puts a new state-
of-the-art result on permuted sequential COST 2100 datasets. Difficult RNN surpasses GRU in
memory capacity by several magnitudes and has been shown to scale to an input sequence spanning
hundreds of millions of time steps, indicating this indoors and outdoors.

As shown in Figure 3. the key portion of the Legendre Memory Unit (LMU) [31]. A memory cell
that orthogonalized as mentioned in Eq. (6) its input signal's continuous-time past, u(t) over a sliding
length window, the cell is derived from the continuous-time delay linear transfer function, F(s) = e 9,
which is best approximated by d-coupled ordinary differential equations (ODEs):-

O m(t) = Am(t) + Bm(t) (6)

where m(t) € R? is a d-dimensional state vector using the input vector, x, the LMU layer structure
produces the hidden state, h; € R™ Each layer retains its hidden state and memory vector. measure
the non-linear function over time, state and memory communicate with each other, m; € R4 when
dynamically writing it to the memory.

shall describe that the channel state information network combines with a gated recurrent
unit (CsiNet-GRU) with a dropout technique; we proposed a new design, Legendre memory unit
(LMU), combined with CsiNet in GRUs layers to improve the best performance in the modeling
technique depending on the deep temporal hierarchy of LMUs.

The difference is the number of time steps in the temporal prediction of the memory unit and
the number of the unit cells according to the Legendre memory unit model's structure. It applies the
dropout technique randomly of the modeling after each learning processing modeling with the
convolutional three layers of the network depending on GRUs layers.

=
h,
h,,l——>w [ Nonlinear }—»
h
_ Wi W
A my
N I =
Sm _
en T B
Ut

le

Fig. 3. Time-unrolled LMU layer [31]
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The tasks were chosen to approve the LMU's determination while highlighting its key
preferences: it can learn temporal dependencies over T = 100,000 time-steps and converge quickly
due to the use of non-saturating memory units. LMU is a rare example of a first-principles RNN
dynamics derivation with such desirable properties, meaning that nerve activity is consistent with
such a derivative and shows peak deep-depth activity.

It serves as a reminder of the importance of addressing various aspects of neural architecture
and integrating math, signal processing, and in-depth learning instruments, and applying it to CsiNet
technology at GRU levels that enhance efficiency by achieving 97.15% LMU surpasses state-of-the-
art technology. Although parameters are used, 15 percent test precision is used, making essential
observations in this lesson on LMU performance:

The LMU model further addresses gradient loss and explosion, which is generally associated with
learning RNNs using a cellular structure derived from the first principles for projecting a continuous
signal into orthogonal dimensions d.

By mapping the Legendre polynomials into a linear memory cell, LMUs can efficiently handle
long-term dependencies and converge quickly to learn complicated functions; few internal state
variables are used and ensure that the gradient flows through the continuous history characteristics.
LMU is a recent innovation that achieves peak memory capacity while ensuring energy efficiency,
making it particularly suitable for the task of chaotic time-series predictions.

It learns quickly and surpasses modern art in 1000 epochs, it does more than remember input
outside the baseline; it needs to use the hidden nonlinearities to perform some valuable calculations
through memory. This method has a solution that reflects, by Legendre, the sliding windows of
polynomials. It will be tested in COST 2100 data sets in many indoor and outdoor activities, depending
on the increasing number of memory-only problems time-steps.

Experiments show promising results with Legendre Memory Units (LMUs) that achieve the best
and most consistent performance in CsiNet-LMU-GRUs depending on indicators parameters: run
time, NMSE, correlation coefficient, and accuracy compared to the other compressed sensing
methods.

To reduce feedback overhead, exploit the following observations: - Observation 1 (angular-delay
domain sparsity): H; can be transformed into an approximately sparsified matrix H; in the angular-
delay domain via 2D discrete Fourier transform (2D-DFT) by H; = F; H, F,, where F; € CNc *Nc and
F, € CNt*Nt gre two DFT matrices.

First, due to limited multipath time delay, performing DFT on frequency domain channel vectors
(i.e., column vectors of H,) can transform H, into a sparse matrix in the delay domain, with only the
first N, (< N.) rows have distinct non-zero values. Secondly, the channel matrix is sparse in a defined
angle domain by performing DFT on spatial domain channel vectors (i.e., row vectors of H,) if the
number of transmit antennas, N; = +oo, is very large.

Usually, H; is only approximately sparse for finite N, which challenges conventional CS methods.
Therefore, propose a DL-based feedback architecture without sparsity prior constraint. perform
sparsity transformation to decrease parameter overhead and training complexity. retain the first
N’.non-zero rows and truncate H} to a N, x N, matrix, H; which reduces the total number of
parameters for feedback to N = N_N,.

Observation 2 (correlation within coherence time): UE motion during communication results in
a Doppler spread, i.e., time-varying characteristics of wireless channels with the maximum
movement speed denoted as v, as mentioned in Eq. (7) coherence time can be calculated as: -

c

At=2vfo (7)
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where f, is the carrier frequency, and c is the speed of light. The CSI within At is considered
correlated with one other. Therefore, instead of independently recovering CSI, the BS can combine
the feedback and previous channel information to enhance the subsequent reconstruction.

Designed a decoder with a memory that can extract time correlation from the previously
recovered channel matrices, Hy,......,d;_; and combine them with the received S, for the current
reconstruction, H; = f 4. (S¢; I:I; ) e I:I;_l), where 1 £t < T. Then, inverse 2D-DFT is performed to
obtain the original spatial frequency channel matrix.

The CsiNet demonstrates remarkable performance in CSI sensing and reconstruction.
However, the resolution degrades at low CR because it only focuses on angular-delay domain sparsity
(Observation 1) and ignores the time correlation (Observation 2) of time-varying massive MIMO
channels.

Motivated by RCNN, which excels in extracting spatial-temporal features for video
representation, extend CsiNet-GRU with LMU to improve CR and recovery quality trade-off.
introduce the multi-CR strategy to implement variable CRs on different channel matrices.

The proposed CsiNet-LMU-GRUs are illustrated in Figure 7. with CsiNet-GRU. Our model
includes the following two steps: angular-delay domain feature extraction, correlation
representation, and final reconstruction. Each LMU-GRU has an inherent memory unit that, for future
prediction, can hold previously extracted information for a long time.

A 3 x 3 convolutional layer an M-unit dense layer for sensing, and a dense layer with 2N_N,
units should be considered to facilitate comparison with the results of the CsiNet structure given in
(C. Wen, W. Shih and S. Jin) and two decoders from RefineNet for reconstruction. As shown in Figure
4, each RefineNet comprises four 3 x 3 convolutional layers with different channel sizes. The CsiNet
decoder's output generates a sequence, and the length of every sequence is T, which is then fed into
a three-layer LMU-GRU.

., Feature ® ﬁ Dropout | Ao 7
Exaction g T v i
i 5 5
i S P I com, 10
i Z - -
i E 4 By (53
| [<] | [S g5 e K =
z| |z ELISL R =] =
S8 {SH @ = N = v =
- 2 2| > conv, 4 [}
g| | Bl z ‘g; = ==
Bl Al J
i # & o 1
H g g
B
- m ¥ | Decompression
Compression - [
Channel
Reconstruction H

Fig. 4. The structure of CsiNet-LMU-GRUs based neural network which is used to be auto encoder-
decoder

Combine LMU-GRUs and CsiNet in a typical neural network for MIMO channel feedback in this
section, which contains two steps: encoding and decoding, as illustrated in Figure 4. A Reduced
CsiNet-LMU-GRUs is also used to reduce training parameters and network complexity. This
subsection proposes CsiNet-LMU-GRUs, a CSl feedback structure based on LMU-GRUs, to reduce the
problem of CSI feedback overhead in FDD massive MIMO systems. The length, width, and number of
feature maps are Ny x N, x N3 in this structure. The real and imaginary components of the truncated
H € CNc*Nt gre separated and concatenated into H' € RN¢*Ne*2 gt UE to reduce computing
complexity and the processed H' can then be passed into an encoder, which will convert it to
codewords. Feature extraction and feature compression are the two elements of a single encoder. A
convolutional layer, batch normalization layer, and leaky rectified linear unit are used to extract
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features (Leaky Relu). Two three-dimensional kernels are used to perform the convolutional process.
Then, in the feature compression, rearrange the two N; x N, feature matrices into one feature
vector, L € RV*1, where N = 2N,N_ and then L € RV*1 s fed into two paths: A FCN that is linear: The
FCN is a jump connection that converts the vector Linto the vector s; € RM*1 and this network can
speed up convergence and solve the problem of vanishing gradients [5].

Legendre Memory Unit (LMU): - The LMU is specifically designed to enhance memory capacity
by orthogonalizing its continuous-time history using Legendre polynomials. It achieves this by solving
a set of coupled ordinary differential equations (ODEs), allowing it to maintain a more structured
representation of temporal information.

Extended Memory: The LMU can effectively manage longer sequences due to its mathematical
formulation, which allows it to capture and utilize information from much earlier time steps without
degradation.

Orthogonalization: By employing orthogonal polynomial basis functions, the LMU minimizes
interference between different memory states, enhancing clarity and retention of relevant
information.

Performance Metrics: - Research indicates that LMUs outperform traditional RNN architectures
in tasks requiring long-term memory retention, demonstrating superior performance in scenarios
where maintaining historical context is critical.

When comparing the memory capacities of LMUs and GRUs: Long-Term Dependencies: LMUs
excel in scenarios requiring retention over extended periods due to their mathematical foundation
that supports longer temporal spans.

Efficiency vs. Capacity: While GRUs are efficient and effective for many applications, they may
face challenges with very long sequences where LMUs demonstrate clear advantages.

In summary, while both architectures provide significant improvements over traditional RNNs,
the LMU offers enhanced capabilities for managing long-term dependencies through its unique
design principles rooted in polynomial mathematics.

2.5 The Dropout Technique

Dropout is a regularization method when training the network, as shown in Figure 5., it may not
exclude the input and loop connections to the GRU unit from activation and weight updates as shown
in Figure 6. The framework adopts the dropout regularization approach used in the neural network
to minimize overfitting and boost the CsiNet-GRU structure's efficiency.

Indicated that the effect on the activation of "downstream neurons" during the forward process
would be temporarily removed, and no "backward propagation to neurons" weight update would be
applied [32]. Dropout is a technique where randomly selected neurons are ignored during training,
“dropped-out” randomly. This means that their contribution to downstream neurons’ activation is
temporally removed on the forward pass, and no weight updates are applied to the neuron on the
backward pass. Dropout may be implemented on any hidden layers in the network. The visible or
input layer and the term “dropout” refer to dropping out units (hidden and visible) in a neural
network; Training Phase: For each hidden layer, for each training sample, for each iteration, ignore
(zero out) a random fraction, p, of nodes (and corresponding activations) and Testing Phase: Use all
activations, but reduce them by a factor p (to account for the missing activations during training).
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Fig. 5. Neural Network with Dropout Architecture [32]

Batch normalization

Fig. 6: a) Standard neural network b) neural network after applying dropout

Dropout in some observations forces a neural network to learn more robust features useful in
conjunction with many other neurons' random subsets, Dropout roughly doubles the number of
iterations required to converge; however, each epoch's training time is less and in a testing phase, the
entire network is considered, and a factor of p reduces each activation.

~——, Feature .
Encoding [ Exaction Decoding

system system

RefineNet

CsiNet LMU-GRUs
Proposed Diagram

Transmitter

Fig. 7. The design of the proposed modeling Legendre Memory Unit combined with CsiNet in GRUs
layers (CsiNet-LMU-GRUs)

3. Simulation and Results Analysis

The COST 2100 channel model is a stochastic channel model based on geometry (GSCM) that can
replicate stochastic properties over time, frequency, and space of multi-link channels with multiple
linkages (MIMO), as was illustrated in [29]. The extension of the model also threatens
parameterization and validation attempts.

It is also clear that the efficient implementation and sustainable use of the COST 2100 model
requires more sophisticated channel evaluation methods and enough parameterization and

403



Journal of Advanced Research in Applied Sciences and Engineering Technology
Volume 60, Issue 5 (2026) 393-413

validation model measurement campaigns. Multiple Input Multiple Output (MIMO) is an enabling
technology that can meet the increasing demand for faster and more efficient wireless channel
transmission.

MIMO technology research has covered the entire field in recent years, from theory to
implementation. The technology is now used as a key component in standards such as Third
Generation Partnership Project Long Term Evolution (3GPP LTE) WiMAX 802.16e Inside.

simulate MIMO channels and produce training samples; the COST 2100 model is used using a
uniform linear array, setting the MIMO-OFDM system to operate on a 20 MHz bandwidth (ULA). Table
2. lists the parameters used in both indoor and outdoor channel scenarios. Data sets are generated
by creating different start locations for indoor and outdoor scenarios at random.

Perform simulations with CR values such that less than 1/4 is compressed to the first channel H;
The training, validation, and testing sets given in Table 2. are provided. Some startup parameters
(epochs 500 - 1000, learning rate 0.001, and batch size 200) have been preloaded by CsiNet, as shown
in Table 2.

explore the effects of varying GRU depth on network performance. For all experiments, use the
Adam optimizer with a learning rate of 1073. For the GRU-only networks in the ablation study, train
for 500 epochs. For CsiNet-GRU, pertain CsiNet at each compression ratio for 600 epochs, and then
initialize the CsiNet at each timeslot of CsiNet-GRU with the pertained weights before training for
500 epochs.

In order also to have a fair comparison with the CsiNet, adopting the exact Adaptive Moment
Estimation (ADAM) as the optimization algorithm and using mean squared error (MSE) as the loss
function, as mentioned in Eq. (8) which is defined as,

M T
L(6) = - 2. 2 lrtuio)-ri, (8)
where M is the total number of samples in the training set and ||*||, Present the Euclidean norm.

Multiple CR CsiNet encoders are deployed at UE, whereas the CsiNet decoders and GRUs are
deployed at the BS. In the beginning, H; is compressed with high CR at the UE recovered by a high-
CR CsiNet decoder and initialized by the BS's GRUs. In the subsequent time stept (2 < t < T), H, is
transformed into a lower-dimensional codeword S; at the user equipment UE, which is expected to
contain the learned correlation information. The lower-dimensional codeword, S: is then
concatenated with the first one S; and inversely transformed by the GRUs at the base station (BS).

As for all optimization problems, particular algorithms' performance is highly dependent on the
problem details and hyper-parameters, while having not attempted fine-tuning the hyper-
parameters of individual optimization methods, kept as many hyper-parameters as possible constant
to better allow for comparison.

Simulation is carried out through m-files implemented on a Python 3.7 platform. Comparing the
proposed architecture's performance with the previous similar modeling approaches of CSI with
different deep learning approaches, namely Conv-LSTM CsiNet, LASSO, TVAL3, and CsiNet.

Utilizing the default setup in the open-source codes of the previously mentioned techniques for
reproduction, note that in the CsiNet, the slight distinction between datasets is considered.

LASSO achieves outstanding results despite using simple sparsity priors. TVAL3 is @ minimum
total variation system with high computing efficiency and excellent recovery quality. In the function
extraction and recovery modules, Convolutional-LSTM CsiNet uses RNN and depth-wise separable
convolution, respectively.
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Run the proposed technique CsiNet-LMU-GRUs on Colaboratory (python) according to zero
configuration required, free access to GPUs, and easy sharing training and testing of the CsiNet, Conv-
LSTM CsiNet, CsiNet-GRU, and CsiNet-LMU-GRUs on python colab editor.

Comparisons are investigated based on the normalized mean square error, the cosine similarity,
accuracy, and the best run-time in the indoor and outdoor channel and the complexity incorporated.

The Normalized Mean Square Error (NMSE) as mentioned in Eqg. (9) utilized for comparisons
quantifies the difference between the input {H.}T_, and the output {H,}7_, in both proposed
techniques CsiNet-GRU and CsiNet-LMU-GRUs and is given by:

T
1 W 2 12
NMSE = E{;Z o - anz/nthz} o
t=1

To measure the degree of similarity between the actual channel h,, ; and the estimated channel

value ﬁn_t of the nt"subcarrier at time t., used the cosine similarity coefficient p, as mentioned in Eq.
(10) in CsiNet-GRU, which is given as:

11 i, bl
_E __ZZ _ n.t ‘n.t (10)
PEETN, el el

t=1n=1

To measure the degree of similarity as mentioned in Eq. (11) between the actual channel h, , and

the estimated channel value Tln.t of the ntsubcarrier at time t., using the cosine similarity coefficient
p, in CsiNet-LMU-GRUs which is given as:

zi |hnt hnt| (11)
Fonel] Tnell,

Ct=1n=1

introduce a new parameter for comparison, which is called accuracy. Defining it as the ratio
of several correct predictions to the total number of input samples, means accuracy is the ratio of
the recovered channel vector to the original channel vector, as mentioned in Eq. (12) so the accuracy
in CsiNet-LMU-GRUs is defined as:

11
Accuracy W ZZ |hnt”2 (12)
Table 2
COST 2100 Model Data — Sets and System, Parameters
MIMO OFDM 20 MHz bandwidth
H 32x32
N; 32 Antennas
N¢ 1024 Subcarriers
Training Samples 100,000
Validation Samples 30,000
Testing Samples 20,000
Epochs 500 - 1000
Learning Rate 0.001
Batch size 200
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at 0.04s
T 10s
CR 4,16, 32,64
Channel Model Indoor Scenario Outdoor Scenario
Frequency, f Pico, 5.3 GHz, Rural, 300 MHz
Speed, v 0.0036 0.0036 4.24 km/h
At km/h 0.56s
30s

3.1 Comparison of results in different techniques

compare the channel state information network CsiNet, CsiNet-GRU, and CsiNet-LMU-GRUs in
indoor and outdoor scenarios as shown in the following figures to prove that the proposed
techniques improve best results in different indicators parameter systems with the dropout method.
run GRU with LMU techniques in different time scales and compare the performance and run-time
in each epoch during the iteration of the model when running the GRU without the LMU technique.

Figure 8. and Figure 9. illustrate the relation between CR and NMSE in cases of indoor and
outdoor scenarios, respectively, for all structures. It is clear from Figure 9. that the proposed CsiNet-
GRU and CsiNet-LMU-GRUs have the lowest NMSE, whereas, in Figure 10, it has the lowest NMSE
among others except that of Conv-LSTM CsiNet at values of CR > 20.

Figure 10. and Figure 11. illustrate the relation between the CR and accuracy in indoor and
outdoor scenarios, respectively, for all structures. The CsiNet-GRU and CsiNet-LMU-GRUs outperform
the other designs with higher accuracy values observed at lower CR values.

Figure 12. and Figure 13. illustrate the relation between the cosine similarity (p) and CR in indoor
and outdoor scenarios, respectively, for all structures. Again, the proposed CsiNet-GRU and CsiNet-
LMU-GRUs outperform the other systems, and besides, exhibit a near-linear performance with the
lowest slope.

Figure 14. shows the reconstruction results of the proposed technique compared to the other
modeling techniques, namely LASSO, TVAL3, CsiNet, Conv-LSTM CsiNet, CsiNet-GRU, CsiNet-LSTM
and CsiNet-LMU-GRUs in indoor Picocellular scenario as an example. The figure represents the
average performance at different CRs, reflecting on the reconstructed images to utilize the other
techniques.

Figure 15. Pseudo-gray plots of an original channel generated by the COST 2100 model in the
outdoor scenario, showing real part, imagined part and absolute values, and Absolute values of
reconstructed images, which are performed by different methods on the original channel at different
CRs.
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Proposed a real-time and end-to-end CSI feedback framework by extending the DL-based CsiNet
with LSTM. CsiNet-LSTM achieves a remarkable trade-off among CR, recovery quality, and complexity
by utilizing the time correlation and structure properties of time-varying massive MIMO channels.
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Thus, CsiNet-LSTM outperforms CsiNet and CS-based methods. believe that this framework has the
potential for practical deployment on real systems.

Explore the effects of varying LSTM depth on network performance. For all experiments, use the
Adam optimizer with a learning rate of 1073, For the LSTM-only networks in the ablation study, train
for 500 epochs. For CsiNet-LSTM, pertain CsiNet at each compression ratio for 600 epochs, and then
initialize the CsiNet at each timeslot of CsiNet-LSTM with the pertained weights before training for
500 epochs.

Finally, comparing the final results between CsiNet-LSTM, CsiNet-GRU, and CsiNet-LMU-GRUs
using the Dropout method technique, the final results showed that all the indicators parameter
performance proves that the channel state information network with the Dropout technique in a
complex neural network is the best and it showed in all the values of the accuracy, normalized mean
square error and correlation coefficients, Table 3 shows that all the results compared with all the
previous techniques used in massive MIMO channel state information network (CsiNet) using the
Dropout method to reduce the overfitting of the modeling system.

CsiNet, Conv-LSTM CsiNet, CsiNet-GRU, and CsiNet-LMU-GRUs continue to offer acceptable
correlation coefficients (p) at low CRs, where CS-based methods fail to work. It is quite remarkable
that the proposed CsiNet-GRU and CsiNet-LMU-GRUs techniques outperform the others. The
performance comparison in the proposed CsiNet-LMU-GRUs to other available methods is given in
Table 3. where corresponding values of NMSE, p, and accuracy are calculated for different values of
y for indoor and outdoor scenarios. All techniques have better performances in the indoor scenario
than the outdoor one. From Table 3, It is notable that the CsiNet strategies considerably outperform
the other CS-based methods (LASSO and TVAL3) [33-35]. CsiNet, CsiNet-GRU, and CsiNet-LMU-GRUs
continue to offer the highest cosine similarity values at low CRs, where CS-based methods fail to
work. However, the proposed CsiNet-LMU-GRUs outperform the channel state information network
(CsiNet).

As far as the NMSE is concerned, the CsiNet-GRU and CsiNet-LMU-GRUs achieve the lowest
values of all compressed ratios (CRs), especially when CR is low. Notably, CsiNet-GRU and CsiNet-
LMU-GRUs are characterized by very short-run periods compared to LASSO and TVAL3 techniques.
However, compared with the other CsiNet method, the proposed CsiNet-LMU-GRUs slightly loses
time efficiency.

CsiNet-GRU CsiNet-LSTM CsiNet-LMU- GRU:

- : Conv-LSTM Dropout Dropout
R Original LASSO [17] TVAL3 [18] CsiNet [10] oV Dropout A A
Epoch = 1000 Epoch = 1000
S

CsiNet [19
SNt Epoch = 1000 [20] "

p=0091 p=0.87 p=0.98 p=0.95 p=10.99 p=0.99 p=099

e i . | .
p=0.72 p=0.73 p=0.90 p=0.93 p=0.94 p=0.94 p=10.97

p=0.53 p =045 p=0.83 p=0.85 p=0.89 p=0.86 p=10.95

|
}

i = i +

n=0120 n=024 a=083 n=084 a=087 an=0280 a=002

Fig. 14. Reconstruction images for CR in CS algorithms in an indoor scenario
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Fig. 15. Reconstruction images for CR in CS algorithms in an outdoor scenario

Indicate the complexity that results from adding the GRU units; It is quite notable that although
there is a considerable added complexity due to the introduction of the GRU layers, the run time is
still comparable to that of the CsiNet. applied the dropout method, which has compensated for the
expected excessive run time. On the other COST 2100 datasets, demonstrate a consistent advantage
of the LMU over GRUs in performance and parameter counts. While these are not hitting state-of-
the-art accuracies, mainly because both models are much smaller than networks that do, these
experiments demonstrate significantly superior performance with 60-1000x fewer parameters,
suggesting a general trend of parameter efficiency.

Finally, one of this approach's main contributions is that it provides a means to train networks
that are recurrent during inference in a Legendre memory unit manner and provides a much better
mapping of the training problem to current commodity hardware. It also provides a practical
inference advantage. The final model can be run recurrently, thus providing a natural means of
processing data online with minimal latency and efficient memory use.

CsiNet-GRU and CsiNet-LMU-GRUs outperform CsiNet, especially when compression ratios are
low. Furthermore, CsiNet-GRU and CsiNet-LMU-GRUs can recover the CSI with better accuracy and
maintain some features that may be lost during the CsiNet feedback procedure. CsiNet-LMU-GRUs
outperforms previous approaches in terms of recovery accuracy and reconstruction quality,
according to experimental data. propose that our architecture has the potential to be used in real-
world FDD MIMO systems.
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From Figure 17, the comparison of GRUs and LMUs is shown in a scale between the input and
output levels. A model trained at a different window length corresponds to T and evaluates through
the window at five different delay lengths with only 105 internal state variables.

Achieved this by maintaining a compressed representation with a time level of At = 1/T of the
10 Hz band minimal input signal. In Figure 16. Gated Recurrent Unit (GRU) took different time per
second in every epoch iteration during the modeling processing on the training data as follows: GRU
took 0.046356 sec/epoch on T=25, GRU took 0.054484 sec/epoch on T=100, GRU took 0.119503
sec/epoch on T=400 and GRU took 0.373979 sec/epoch on T=1600.
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Fig. 18. Shifted Legendre polynomials

410



Journal of Advanced Research in Applied Sciences and Engineering Technology
Volume 60, Issue 5 (2026) 393-413

Figure 18. The mapping of Legendre polynomials (d= 12) shows the mapping, as a linear
combination of these invariant polynomials of size, the memory of the LMU reflects the whole sliding
window of the input background, and an increasing number of the dimensions supports the memory
against the time scale of high-frequency inputs.

Table3
Comparison of results between the proposed framework and other available Ones

Conv- CsiNet- CsiNet- CsiNet-
v LASSO TVAL3 CsiNet LSTM GRU LSTM LMU-
[33] [34] [5] CsiNet  Dropout  Dropout GRUs
[35] /1000 /1000 Dropout
Epoch Epoch /1000
[30] [22] Epoch
@l 1/4 -7.59 -8.87 -17.36 -27.5 -51.73 -23.06 -53.10
»wgS 1/16 -2.96 -3.2 -8.65 -23 -27.3 -22.33 -34.59
=22 1/32 -1.18 -0.46 -6.24 -22.3 -23.81 -21.04 -30.32
Z m
1/64 -0.18 -0.6 -5.84 -21.2 -22.11 -20.05 -29.35
| 1/4 0.91 0.87 0.98 0.95 0.99 0.99 0.99
- 58 1/16 0.72 0.73 0.90 0.93 0.94 0.94 0.97
- u% = 1/32 0.53 0.45 0.83 0.85 0.89 0.86 0.95
S 1/64 0.30 0.24 0.83 0.84 0.87 0.80 0.93
E « ! 1/4 0.68 0.34 0.81 0.82 0.84 0.80 0.90
‘5 -5 3 1/16 0.55 0.22 0.60 0.60 0.62 0.59 0.68
2 © U%S 1/32 0.34 0.15 0.51 0.51 0.52 0.48 0.58
1/64 0.55 0.23 0.48 0.53 0.54 0.52 0.60
1/4 0.345 0.314 0.0001  0.0001 0.0003 0.0003 0.000096
Il
g °E’ 58 1/16 0.555 0.314 0.0001  0.0001 0.0003 0.0003 0.0000103
S U%S 1/32 0.604 0.286 0.0001  0.0001 0.0003 0.0003 0.0000120
1/64 0.708 0.285 0.0001  0.0001 0.0003 0.0003 0.0000114
@ 1/4 -5.08 -0.9 -8.75 -10.9 -15.13 -9.86 -20.84
»wgS 1/16 -1.09 -0.53 -4.51 -9.86 -11.91 -9.18 -13.86
E U% = 1/32 -0.27 0.42 -2.81 -9.18 -3.02 -8.83 -6.43
1/64 -0.06 0.74 -1.93 -8.83 -2.05 -7.89 -5.88
5 ! 1/4 0.82 0.58 0.87 0.90 0.92 0.91 0.93
< o 58 1/16 0.49 0.46 0.79 0.81 0.81 0.81 0.84
= U% = 1/32 0.32 0.28 0.67 0.68 0.70 0.68 0.78
© 1/64 0.19 0.19 0.60 0.62 0.68 0.60 0.76
= ! 1/4 0.66 0.54 0.68 0.70 0.71 0.67 0.76
5,58 116 0.45 0.22 0.49 0.49 0.51 0.49 0.55
3 © U%S 1/32 0.20 0.20 0.36 0.36 0.38 0.35 0.45
1/64 0.18 0.15 0.26 0.26 0.27 0.20 0.40

4. Conclusion

This paper proposed a channel state information (CSI) feedback network by extending the DL-
based CsiNet technique to incorporate GRUs and LMU over GRU layers using the dropout method.
The proposed CsiNet-LMU-GRUs technique achieved the lowest NMSE, the best cosine similarity
coefficient, and the best accuracy compared to other CS-based and CSl-based methods. The work is
motivated by the active use of the recurrent convolutional neural network (RCNN) model in image
reconstruction using a channel state information network. The basic concept is to extract spatial
features and inter-frame correlation using the COST 2100 model to simulate time-varying MIMO
channels and acquire training samples.
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