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ABSTRACT
Optimal performance in 5G and beyond MIMO-OFDM systems is achieved by channel estimation, which is crucial due to the
enormous hurdles posed by dynamic and frequency-selective channel circumstances. Advanced methods of neural networks and
optimization are gradually being applied in order to solve these difficulties. The heterogeneous nature of 5G-and-beyond networks
introduces severe multipath fading, high mobility, and interference, complicating accurate Channel State Information (CSI) esti-
mation. Existing techniques are sometimes difficult to compute efficiently while at the same time providing a precise estimation of
interference in such scenarios. This research develops an Optimized Neuro-Adaptive Twin Pulse-Coupled Estimators for Efficient
Channel Estimation in Heterogeneous 5G-and-BeyondMIMO-OFDMCommunication Systems (STEB-Twin-APCNet) to improve
the channel estimation by integrating Twin Adaptive Pulse Coupled Network with Sooty Tern Evolutionary Boost optimization.
The objective of this study is to design and optimize a neuro-adaptive channel estimator capable of real-time CSI acquisition with
high accuracy and minimal complexity in diverse 5G environments. To test the model in different channel scenarios, MATLAB
simulations were run with the help of deep learning and 5G toolboxes. The results show that the suggested STEB-Twin-APCNet
outperforms the standard approaches with a channel estimate accuracy of over 99.8%, dependability of 99.5% in high-mobility
situations, and a decrease of 99.3% in estimation error. These measures demonstrate how efficient and resilient the system is. As
a result, channel prediction for next-gen wireless networks is made easier using this adaptive framework.

1 | Introduction

Channel estimation plays a critical role in the current wire-
less communication and is more prominent in 5G-and-beyond
wireless networks [1]. These networks are aspiring to achieve
unprecedented demands on high data rates, ultra-reliable
low-latency communication (URLLC), andmassive connectivity;

----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
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thus, accurate channel estimation is crucial. These networks are
built with the foundation consisting of Multiple Input Multiple
Output (MIMO) systems combined with Orthogonal Frequency
Division Multiplexing (OFDM) to offset the prevalent channel
imperfections through both spatial and frequency diversities [2].
However, the adverse effects of multipath propagation lead to the
frequency-selective channels, and estimating the channel state
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information (CSI) becomes harder due to the channel’s inherent
complexity.

Under these conditions, the least square (LS) is the most com-
monly used technique to perform channel identification because
of the benefits related to simplicity and computational cost.
LS estimation works on the basis of minimizing the error
between the observed and the estimated signals and there-
fore is suitable for tackling pilot-based channel estimation in
MIMO-OFDM-based transceivers [3, 4]. However, LS estimation
is noise sensitive, and its accuracy degrades in high interference
scenarios, so higher order techniques and combined algorithms
are needed to improve LS performance.

For instance, let there be a situation with transmitting data
from a 5G base station to user equipment (UE) in an urban
area. Buildings and vehicles cause reflections, diffractions, and
scattering, which make the signal fade, and the channel is
frequency-selective. In the OFDM subcarriers, pilot symbols are
to be placed; then the receiver employs a Least Square esti-
mator to estimate the CSI. It helps the receiver correct the
signal, reduce the distortion, and recover the transmitted data
to the sender with a good quality [5]. Channel estimation in
5G-and-beyondMIMO-OFDM systems is therefore an intertwin-
ing balance between mathematical accuracy, algorithm develop-
ment, and practical implementation for future wireless systems.

1.1 | Contributions

• To design and implement real-time data collection mech-
anisms to capture dynamic and frequency-selective chan-
nel characteristics using pilot signals, enabling continuous
updates to the channel estimation model.

• To adapt the system models to spatial and temporal channel
variations effectively, ensuring accurate and efficient chan-
nel estimation in complex MIMO-OFDM systems.

• To optimize the weight parameters of Twin-APCNet, the
Sooty Tern Evolutionary Boost (STEB) algorithm is used to
reduce the estimation error and improve the performance
under high interference conditions.

• To develop an adaptive and scalable framework that maxi-
mizes CSI accuracy, minimizes computational cost, and is
suitable for 5G communication systems.

This work is organized as follows: Section 2 presents a review
of related works; Section 3 provides the proposed methodology;
Section 4 deliberates on the results and discussions; and Section 5
concludes the research.

2 | Literature Survey

In 2024, Alqahtani et al. [6], have developed a Con-
ditional Self-Attention Generative Adversarial Network
(CS-AGAN)-based framework to enhance channel estima-
tion (CE) in 5G and beyond networks. Although compatible
with wide bandwidths and sufficient for vast MIMO systems,
certain drawbacks are found, such as higher computational

intensity and resource consumption [7]. In 2024, Meenalakshmi
et al. [8], have introduced an optimized convolutional neural
network (CNN)-based channel estimation framework named
CNN-CENet, tailored for polar-coded MIMO–OFDM receivers.
This methodology was developed to mitigate interference and
noise challenges prevalent in 5G communication models. As the
study established, it enhanced the precision of the estimation
process and the reliability of the systems massively; however,
the computational demands of the approach limited its real-time
applicability. In 2024, Rathish et al. [9], have presented accurate
channel prediction for large-scale 5G MIMO-OFDM systems
using a Pyramidal Dilation Attention Convolutional Neural
Network (PDACNN). This method reduced Peak-to-Average
Power Ratio and enhanced spatial–temporal data analysis,
improving communication efficiency while demanding sig-
nificant computational resources. To enhance FSO efficiency,
hybrid techniques were proposed in [10], assuring dependability
and attaining a reduced power penalty under light turbulence
circumstances.

2.1 | Problem Statement

Due to high-dimensional channel matrices, interference from
dense deployments, and dynamic fading conditions, attaining
accurate and efficient channel estimation is becoming more dif-
ficult in 5G-and-beyondMIMO-OFDM communication systems.
Reducing performance deterioration due to channel limitations
and accurately recording spatial–temporal correlations are still
key issues. Sophisticated approaches to provide optimum com-
putation time and higher prediction accuracy are crucial for
5G-and-beyond network communication accuracy.

3 | Proposed Methodology

The proposedmethodology introduces a novel approach to chan-
nel estimation for 5G-and-beyond MIMO-OFDM systems by
combining real-time data collection, the Twin Adaptive Pulse
CoupledNetwork (Twin-APCNet), and the Sooty Tern Evolution-
ary Boost (STEB) algorithm. Real-time collection enables flexible
response to channel changes, and Twin-APCNet captures various
channel conditions. STEB fine-tunes the parameters of the net-
work by improving accuracy and reducing loss. Figure 1 presents
the block diagram of the proposed methodology.

3.1 | Data Collection

The data collection is done in real time using pilot symbols trans-
mitted inMIMO-OFDM systems in the 5G scenario. These pilots,
incorporated within the OFDM subcarriers, offer samples of the
frequency selective channel profile. These include the delay in
the signal arriving from multiple paths, the Doppler frequency
shift, and signal-to-noise ratios (SNR) in the mobility scenario
andnetwork densification. These data are thenused for improved
channel estimation with the help of Twin-APCNet, which is
selected due to its aptitude to model nonlinearities and respond
to complex changes far better than the LS estimation-based
methods.
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FIGURE 1 | Block diagram of the proposed methodology.

3.2 | Scalable Channel Estimation Using Twin
Adaptive Pulse Coupled Network

To improve channel estimation, the Twin Adaptive Pulse Cou-
pled Network (Twin-APCNet) [11] processes the gathered pilot
data. For MIMO-OFDM systems, this neural network can detect
more localized channel changes, respond more quickly to envi-
ronmental changes, and provide precise CSI. Mobile Edge Com-
puting’s dynamic properties in frequency selective channels are
supported by these pulse coupling architectures.

3.2.1 | Mathematical Model of Twin-APCNet
for Channel Estimation

The external inputs 𝑢𝑐(𝑡) and 𝑣𝑐(𝑡) at time 𝑡, along with the influ-
ence of neighboring components, are modeled as Equation (1),

𝑢𝑐(𝑡) = 𝑞𝑝 +
∑
𝑟

𝛼pr𝑧
𝑟(𝑡 − 1), 𝑣𝑐(𝑡) = 𝑞𝑞 +

∑
𝑟

𝛽pr𝑧
𝑟(𝑡 − 1) (1)

where 𝑞𝑝 and 𝑞𝑞 represent external stimuli affecting the network,
and 𝛼pr and 𝛽pr are the coupling weights for 𝑧𝑟(𝑡 − 1), which are
outputs from neighboring components at the previous time step.

The pulse coupling mechanism synchronizes these inputs using
the following Equation (2),

𝑦𝑐(𝑡) =

{
1 + 𝛿𝑝𝑢𝑐(𝑡) + 𝛿𝑐−1(𝑡 − 1), 𝑖𝑓𝑦𝑐−1(𝑡 − 1) > 𝜃𝑟(𝑡 − 1)
0 otherwise

(2)

where 𝛿𝑝 and 𝛿𝑞 modulate the coupling strength of 𝑢𝑐(𝑡) and 𝑣𝑐(𝑡),
and 𝜃𝑟(𝑡 − 1) is an adaptive threshold for determining activation.

3.2.2 | Loss Function

Asharpnessmeasure𝑆 is used to improve precision by evaluating
second-order differences in channel data, as in Equation (3),

𝑠 =
∑
𝑘

∑
𝑗

∇2𝐹 (𝑘, 𝑗),∇2𝐹 (𝑘, 𝑗) = 𝐹 (𝑘, 𝑗) − 𝐹 (𝑘 − 1, 𝑗) (3)

where∇2𝐹 (𝑘, 𝑗) represents the second-order differences between
channel responses at adjacent indices 𝐹 (𝑘, 𝑗) and 𝐹 (𝑘 − 1, 𝑗),
where 𝐹 (𝑘, 𝑗) represents the estimated channel response at the
position (𝑘, 𝑗).

To ensure efficient convergence, a modified objective function
minimizes channel estimation error. The penalty-based loss func-
tion is defined as Equation (4),

𝐿 = min

(∑
𝑚,𝑛

|𝐸𝑚,𝑛(𝑢𝑐, 𝑣𝑐)| + 𝛾
∑
𝑟

max{0, 𝜌𝑚,𝑛 − 𝜆}

)
(4)

where 𝐸𝑚,𝑛 measures the error between the estimated and
true channel responses, and 𝜌𝑚,𝑛 penalizes large deviations,
while 𝜆 provides constraints to balance the network’s learning
process.

Thus, Twin-APCNet accurately captures intricate channel con-
ditions and minimizes interference effects for stable CSI estima-
tion in frequency-selective MIMO-OFDM systems. On account
of improved balance between exploration and exploitation, STEB
is incorporated to adjust weight parameters while other methods
converge non-superiorly.

3 of 6



3.3 | Network Fine-Tuning Using Sooty Tern
Evolutionary Boost

To further refine the loss function obtained from the
Twin-APCNet, the Sooty Tern Evolutionary Boost (STEB) [12]
algorithm is introduced. This method improves the convergence
of the network over weight parameters, the accurate estimation
of the network, and performance in noisy and interference areas.

3.3.1 | Initialization

STEB begins by initializing a population of potential solutions
randomly using the Equation (5).

𝑄
𝛾

init = 𝑙𝑏𝛾 + ran𝑑𝛾 (𝑢𝑏𝛾 − 𝑙𝑏𝛾 ), 𝛾 = 1, 2, . . . ,Po𝑝size (5)

where 𝑄𝛾

init represents the initial solution generated for the 𝛾th
agent in the population. The parameters 𝑙𝑏𝛾 and 𝑢𝑏𝛾 define the
lower and upper bounds of the search space for the 𝛾th agent. The
term an𝑑𝛾 is a random number uniformly distributed between
0 and 1, which introduces variability to ensure the diversity of
solutions. The total size of the population is denoted as Po𝑝size.

The algorithm aims to minimize the difference between the net-
work’s authentic state, denoted as 𝜏, and the generated state 𝜌(𝑄),
which is expressed by the fitness function in Equation (6),

𝐿fit = |𝜏 − 𝜌(𝑄)| (6)

where𝐿fit is the fitness value, which quantifies the error between
the actual state of the system, 𝜏, and the state produced by the
current solution 𝜌(𝑄). The algorithmminimizes this value during
the optimization process.

3.3.2 | Update Stage

The STEB algorithm employs a systematic update mecha-
nism comprising two key strategies: balancing exploration and
exploitation and population reduction.

3.3.2.1 | Balancing Exploration and Exploitation. The
exploration strategy ensures the algorithm investigates diverse
areas of the search space, while the exploitation strategy focuses

Initial Population

Better Fitness?
Update Fitness

Update position

Optimal result

No

Yes

FIGURE 2 | Flowchart of STEB algorithm.

on refining promising solutions. The update mechanism for gen-
erating a new solution is given by Equation (7),

𝑈new = 𝑇𝜑,𝜓 + 𝐺1
(
𝑇𝜑,𝜓 − 𝐵best

)
+ 𝐺2

(
𝑇𝑟1 − 𝑇𝑟2

)
(7)

where 𝑈new represents the updated solution at the current iter-
ation. The parameter 𝑇𝜑,𝜓 corresponds to the current solution of
the𝜑,𝜓-th element in the population.𝐵best denotes the best solu-
tion found so far. The terms 𝑇𝑟1 and 𝑇𝑟2 are randomly selected
solutions from the population to introduce stochastic diversity.
𝐺1 and𝐺2 are scaling factors that control themagnitude of explo-
ration and exploitation during the update process.

3.3.2.2 | Population Reduction. To accelerate conver-
gence, the population size is reduced over time according to the
Equation (8).

Popsize(𝑡 + 1) = round
[
Popmax − Popmin

MaxEval
⋅ 𝑡 + Popmin

]
(8)

where Po𝑝size(𝑡 + 1) denotes the population size for the next
iteration. The terms Po𝑝max and Po𝑝min define the maximum and
minimum allowable population sizes. MaxEval represents the
maximumnumber of function evaluations for the algorithm, and
𝑡 indicates the current iteration number. This equation ensures a
gradual reduction in population size, enhancing computational
efficiency while maintaining optimization accuracy. Figure 2
provides the workflow of the STEB algorithm.

The STEB algorithm sharpens the Twin-APCNet through the
appropriate adjustment of its weight parameters for evolution-
ary improvement. Thus, the populations in STEB are selectively
reduced, and their exploration and exploitation provide accurate
and reliable performance in noisy and interfering environments.
Compared to traditional methods, this work provides a real-time,
scalable, and efficient technique for channel estimation because
of utilizing the integration of Twin Adaptive Pulse Coupled Net-
work with Sooty Tern Evolutionary Boost optimization in the
highly dynamic and complex channel.

4 | Results and Discussion

The proposed, “Optimized Neuro-Adaptive Twin Pulse-Coupled
Estimators for Efficient Channel Estimation in Heteroge-
neous 5G-and-Beyond MIMO-OFDM Communication Systems”
has been simulated in MATLAB. Several performance mea-
sures are used to assess the effectiveness of the suggested
STEB-Twin-APCNet approach such as channel estimation accu-
racy, reliability, and reduction in estimation error, which are
compared with CS-AGAN [5], CNN-CENet [6], PDACNN [7].
Table 1 presents the simulation parameters of the proposed
method and Table 2 presents table comparing the perfor-
mance metrics of STEB-Twin-APCNet (proposed) with other
state-of-the-art methods. Table 1 defines key simulation settings.
A 3.5GHz carrier frequency and 10MHz bandwidth match 5G
standards. 15 kHz subcarrier spacing ensures efficient transmis-
sion. LDPC coding improves error correction, while Rayleigh
and Rician fading simulate real conditions. MATLAB simu-
lations run for 1000ms per iteration. The Table 2 compares
four methods for channel estimation: CS-AGAN, CNN-CENet,
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TABLE 1 | Simulation parameters.

Parameter Specification

Carrier FRequency 3.5GHz
Bandwidth 10MHz
Subcarrier spacing 15 kHz
Transmission scheme Single carrier & OFDM
Coding scheme LDPC (low-density parity-check)
Fading type Rayleigh, Rician
Number of OFDM symbols 14
Antenna configuration MIMO (Nt×Nr)
Simulation platform MATLAB
Simulation time 1000ms per run

PDACNN, and the proposed STEB-Twin-APCNet. The proposed
method outperforms the others in all aspects. It achieves the
highest channel estimation accuracy (99.8%), the best reliability
in high-mobility conditions (99.5%), and the greatest reduction
in estimation error (99.3%). These results show that STEB-Twin-
APCNet provides superior performance compared to the other
methods.

The Figure 3 compares four methods—CS-AGAN, CNN-CE
Net, PDACNN, and a proposed approach—across Mean Square
Error (MSE), error gap, and Bit Error Rate (BER). The pro-
posed method consistently outperforms others, achieving the
lowest MSE (∼10−4 at 20 dB), smallest error gap, and lowest BER
(∼10−4 at 30 dB), demonstrating superior performance as SNR
increases.

TABLE 2 | Performance comparison of channel estimation methods.

Performance metric CS-AGAN [5] CNN-CE Net [6] PDACNN [7] STEB-twin-APC net (proposed)

Channel estimation accuracy (%) 95.2 97.5 98.7 99.8
Reliability in high-mobility (%) 93.5 96.2 97.9 99.5
Reduction in estimation error (%) 91.8 94.6 97.0 99.3

FIGURE 3 | Performance comparison of signal processing methods across MSE, error gap, and BER.
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5 | Conclusions

This research establishes an advanced framework for channel
estimation in 5G-and-beyond MIMO-OFDM systems, achieving
remarkable accuracy, reliability, and error reduction. Simulated
in MATLAB, the proposed approach demonstrates superior per-
formance in handling dynamic, frequency-selective channels,
making it well-suited for heterogeneous 5G environments. How-
ever, it has amajor drawback as themodel becomes very sensitive
to high noise levels in ultra-dense networks. Future work will
therefore be directed toward developing better noise-immune
methods to combat this problem and increase system reliability.
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