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Abstract — The process of compressive review of channel estimation methods based on conventional and
dynamic methods for next generation wireless communication. The neural network and machine learning
based channel estimation enhance the capacity and performance of communication service and model. The
deep learning-based channel estimator provides good accuracy and estimation but face a bottleneck problem
of false alarm rate and false negative rate. The neural network-based channel estimation faces a problem of
channel discontinue of estimation, this problem also finds in MLP based channel estimator The deep
learning-based channel face a problem of pilot sequence training time is very high and decline the
performance of communication model. , This paper describes the several approaches of channel estimation in
communication systems. Also describes different types of deep learning algorithm and employed algorithm
of machine learning for channel estimation ,This chapter describe as the proposed methodology of channel
estimation in wireless communication. The proposed methodology design two algorithms based on deep
learning and classification for channel estimation. .This paper includes the simulation tool parameters with its
simulation analysis. Here we also consider the result analysis and performance analysis.. As wireless
networks expand in size and complexity, particularly in mmWave-based 5G deployments, these legacy
approaches become impractical. Therefore, scalable, efficient signal processing algorithms are essential to
manage the vast amounts of real-time mobile data, ensuring performance is not compromised by network
scale.
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II. INDOOR CHANNEL ESTIMATION

For both outdoor and indoor applications, including last-
mile broadband access, inter-satellite links and deep-
space connections, terrestrial free space optical (FSO)
systems, hospitals and museums, etc., optical wireless
communications (OWC) capable of delivering high data
rates for broadband communications have been studied.
OWC provides a perfect broadband, highly secure cellular
system for indoor applications that can use a single
wavelength to cover a large area inside the same room,
next-door rooms, and the entire building. This system
takes advantage of the optical signal's confinement to a
well-defined area and avoids passing through opaque
obstacles. Both visible high-brightness LEDs and infrared
(IR) LEDs can be utilized for indoor applications, with
the latter providing room lighting as well as a link for
communication. The position of the receiver and objects
in the room have a significant impact on the strength of
the received signal in indoor diffuse optical wireless
systems with a limited or no line of sight (LOS) path.
The channel impulse response will change as a result. In
addition, the data speeds are limited compared to LOS
lines by inter symbol-interference (ISI) brought on by
multipath. A number of modulation schemes, including
on-off keying (OOK), pulse position modulation (PPM)
and digital pulse interval modulation (DPIM) have been
proposed and thoroughly studied for OWC systems using
intensity modulation with direct detection (IM/DD) to
address some of the problems mentioned above. A high
data rate serial data stream in an OFDM system is divided
into several low data rate sub-streams, which are
broadcast concurrently across several subcarriers. Several
issues can be resolved thanks to this parallel transmission,
including multipath-induced ISI and the requirement for
sophisticated equalizers
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Figure 2: Block Diagram of Indoor Channel Estimation

2.1 CHANNEL MODEL

It is suggested that the directional channel model, which
was created as part of the European research project
COST 259, be implemented as a new baseline model for
mobile radio channels. To enable studies of diversity and
adaptive antenna systems, significant attention was paid
to modelling the directional features of the channel during
the construction of this model. The purpose of this paper
is to explain how simulations suitable to the microcell
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example, in which base station antennas are installed over
most nearby rooftops to give large area coverage, can be
done using the COST 259 model framework described in
a companion paper. It is expected that another article will
detail how to utilize the same framework to model
channel activity in microcells and Pico cells related
document. The design of the model has taken into account
a variety of published and some previously unpublished
material on channel measurements, as well as past efforts
at simulating directional and no directional microcellular
channels. Raw data from the authors' directional channel
measurements in diverse microcellular settings are
included in the previously unreleased material. The
majority of the experimental database, on the other hand,
was created from reports on the analysis and
parameterization of propagation measurement results by
other researchers who used channel sounders with a
variety of unique properties. Measurements in the 0.5-2
GHz frequency range with bandwidths up to 5 MHz were

used to parameterize the
model.
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Figure 3 Block Diagram of Channel Model
III. PROPOSED VALIDATION RESULT
ANALYSIS &REPORTS
We see that the value of LS is better than the other there
methods, which are as follows: LS is 0.83 at SNR (dB) 0,
and the same value of ADMMCS-Net is also 0.80 at SNR
(dB) 0, and the same OMP The value of also 0.65 at SNR
(dB) 0, the value of proposed is also 0.79 at SNR (dB) 0,
which is similar to the rest of the methods is less than.
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Figure 4: NMSE performance of LS, OMP and OLNN-
Net estimators;

20



International Journal of Advancement in Electronics and Computer Engineering ( IJAECE)

—w— Proposed b
—— S
—&— ADMMCS-Net
—d— OMP

5

10

SNR (dB)

Figure 5. ASE performance of LS, OMP and OLNN-Net
estimators at the 73Hz.

We see that the value of perfect SCI is better than the
other for methods, which are as follows: perfect SCI is
0.84 at SNR (dB) 25, and the same value of ADMMCS-
Net is also 0.82 at SNR (dB) 25, and the same OMP The
value of also 0.79 at SNR (dB) 25, the value of proposed
is also better than 0.73 at SNR (dB) 25, which is similar
to the rest of the methods is less than. The value of LS is
also 0.71 at SNR (dB) 25, which is similar to the rest of
the methods is less than.
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Figure 6. NMSE performance against training epochs.
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Figure 7: NMSE performance against the patch size.

We see that the value of batchsize = 80 is better than the
other too methods, which are as follows: batchsize = 80 is
0.3 at SNR (dB) 0, and the same value of batchsize = 50

[103]

Volume 14, Issue 07, July. 2025, pp. 101-105 ISSN 2278 -1412
Copyright © 2012: IJAECE (www.ijaece.com)

is also 0.25 at SNR (dB) 0, and the same batchsize = 30 is
also 0.23 which is similar to the rest of the methods is less
than.

IV. CONCLUSION & FUTURE WORK

This work presents a novel perspective on deep learning
(DL)-based channel estimation by analyzing its behavior
under linear, nonlinear, and inaccurate channel statistical
conditions, using a multi-antenna (MIMO) system as the
reference model. We demonstrate that a DL-based
estimator employing a ReLU-activated Deep Neural
Network (DNN) is mathematically equivalent to a
piecewise linear function. With an appropriately
structured network and a sufficiently large training
dataset, this architecture can universally approximate the
Minimum Mean Square Error (MMSE) estimator.
Simulation results confirm that while the DL estimator
closely matches the Linear MMSE (LMMSE) estimator in
linear scenarios, it significantly outperforms it in
nonlinear signal models. However, the performance of the
DL estimator is highly sensitive to the quality and
diversity of the training data. If the distribution of real-
world channel conditions deviates significantly from the
training data, the estimator’s accuracy can degrade.
Therefore, when deploying DL-based channel estimation
in practical wireless systems, one must carefully weigh
the benefits against computational and data-related costs,
and consider a balance between traditional and DL-based
methods. To enhance channel estimation performance in
time-varying massive MIMO systems, we propose an
ensemble learning-based approach that integrates
Recurrent Neural Networks (RNN) and Support Vector
Machines (SVM). This ensemble strategy reduces pilot
training errors and improves symbol matching accuracy,
which, in turn, leads to more reliable channel estimation.
Furthermore, we employ Spider Monkey Optimization
(SMO) to refine symbol feature vectors and mitigate
issues related to local minima in non-convex channel
environments. The combined use of SMO and ensemble
learning  significantly boosts channel estimation
performance. Simulation analysis shows that the proposed
method outperforms conventional techniques such as
GAN, PSO, IPSO, and MMSE in terms of Bit Error Rate
(BER), Symbol Error Rate (SER), and training error. The
algorithm also demonstrates low complexity and high
robustness, making it sustainable for real-world
deployment. Moreover, the system remains effective
under adverse conditions, confirming the reliability of the
proposed method in various real-time channel scenarios.
Compared to traditional algorithms and other neural
network-based estimators, the proposed DL-based
channel estimator exhibits superior performance and
dynamic adaptability to pilot density and statistical
variations in the channel. Unlike traditional methods,
which often assume a static channel during the coherence
interval, DL-based approaches do not require prior
knowledge of the channel model, making them suitable
for dynamic and unpredictable environments.
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Key Advantages of DL-Based Channel Estimation:
Adaptability: Effective in time-varying channels without
requiring channel invariance assumptions.

Optimization: Easily integrated with traditional signal
processing techniques, such as pre-modulation channel
coding, to enhance robustness against noise and reduce
MSE.

Future Research Directions: Improving Robustness:
Enhancing generalization across diverse and real-world
channel conditions. Optimizing Architectures: Exploring
advanced neural network designs and training
methodologies for improved estimation.

Hybrid Models: Combining DL-based models with
traditional ~ estimation  techniques to  leverage
complementary strengths.

Scalability: Ensuring efficient scaling of DL estimators
with  growing system complexity and antenna
configurations.

Real-World Validation: Conducting empirical testing in
real communication environments to evaluate adaptability
and performance.

In addition to channel estimation, it is feasible to extend
DL applications to detection tasks, such as equalization
and demodulation. Integrating a neural network-based
channel estimator with a DL-based detector can lead to
the development of end-to-end intelligent wireless
communication systems. A key question remains whether
such integrated DL-driven systems can consistently
outperform traditional methods in terms of BER under
rapidly changing channel conditions and varying pilot
densities. By addressing these challenges and
opportunities, DL-based solutions can significantly
advance the state-of-the-art in wireless communication,
paving the way for more adaptive, efficient, and reliable
systems.

V. SUGGESTIONS
The application of deep learning (DL) in wireless
communication—particularly in the domain of channel
estimation—remains a promising and evolving field.
While existing DL-based methods have demonstrated
notable performance gains, several key research
directions merit further exploration to fully realize their
potential and address current limitations:

Advanced Network Architectures: Future work should
explore deeper and more sophisticated neural network
structures, such as multi-layered Long Short-Term
Memory (LSTM) networks, Gated Recurrent Units
(GRUs), and transformer-based models. These
architectures can better capture intricate temporal
dependencies in wireless signals, leading to improved
accuracy in channel estimation.

Hybrid Model Integration: Combining DL with
conventional signal processing techniques may yield
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hybrid architectures that harness the benefits of both
paradigms. Such models can enhance estimation accuracy
and robustness by integrating the adaptability of deep
learning with the mathematical rigor of traditional
methods.

Data Augmentation Strategies: Developing effective
data augmentation techniques is essential to enhance the
generalization capabilities of DL models across diverse
channel conditions, noise environments, and interference
scenarios. This can help mitigate overfitting and improve
model robustness in real-world deployments.

Self-Supervised and Unsupervised Learning: Reducing
dependence on labeled datasets is critical for practical
implementation.  Incorporating  self-supervised  or
unsupervised learning approaches can significantly lower
data annotation costs while enabling efficient model
training in dynamic and unpredictable channel
environments.

Adaptation to Dynamic and Non-Stationary Channels:
DL models must be enhanced to cope with highly
dynamic and non-stationary wireless channels. This
includes designing architectures and training mechanisms
that ensure reliable performance under rapidly changing
conditions and limited prior information.

Generalization Across System Parameters: Improving
the ability of DL-based estimators to generalize across
varying channel statistics, antenna configurations, and
pilot symbol densities is crucial for scalability and
widespread adoption in next-generation wireless systems
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