National Journal of RF Circuits and Wireless Systems
\ol. 2, No. 2, May - Aug 2025, pp. 1-7
ISSN: 3107-6807, DOI: https://doi.org/10.17051/NJRFCS/02.02.01

Deep Learning-Based Channel Estimation for Massive MIMO

Systems

M. Kavitha

Department of ECE, Saveetha School of Engineering, Saveetha Institute of Medical and Technical Sciences,
Saveetha University, Chennai, India, Email: kavithamece@gmail.com

Article Info

ABSTRACT

Article history:

Received : 11.01.2025
Revised :16.02.2025
Accepted :10.03.2025

Keywords:

Massive MIMO,

Channel Estimation,

Deep Learning,

Neural Networks,

Deep Neural Networks (DNN),
Spectral Efficiency,

Wireless Communication,
Least-Squares (LS),
Minimum Mean Square Error
(MMSE),

Computational Complexity,
Estimation Accuracy,
High-Dimensional MIMO
Systems,

Signal Processing,
Robustness to Noise,

5G Networks,

Channel State Information (CSI),

Machine Learning in Wireless
Networks.

MIMO technology has proved important for widening the capacity of
wireless systems and making sure communication is reliable in today’s
5G networks and in the future. It is important to accurately estimate
channels in these systems because this review influences system
performance. When there is a lot of severe fading and noise, LS and
MMSE can struggle with both complex calculations and inaccurate
results. We propose an approach in this paper that uses neural networks
to explore the characteristics of the channel from the signals we receive.
The system relies on a deep neural network (DNN) setup to help reduce
computing costs and improve the accuracy of channel estimation in
MIMO systems having a high number of antennas. Thanks to the neural
network, the received signal is converted directly to the channel matrix
for better and faster estimation. In many simulations, it was found that
deep learning-based channel estimation surpasses LS and MMSE in both
accuracy and ability to resist noise. Thanks to its potential, the method
is likely to be very useful for massive MIMO in the next generation of
wireless networks.

1. INTRODUCTION

and interference are known. Gathering the exact

Improvements in wireless networks such as those
seen in 5G, rely heavily on the use of massive
MIMO technology. Stations containing a large
number of antennas, known as base stations (BS),
make it possible for several users to both transmit
and receive information using the same frequency
grouping. The key benefit of massive MIMO is that
it offers each user multiple paths, reducing
interference, improving the quality of signals and
supporting quicker and more dependable
connections. In order to use massive MIMO
efficiently, useful tools should estimate the channel
as accurately as possible so reflections, path loss

CSI is difficult since the channel matrix is often
very large and its conditions vary over time.

Most of the time, least squares (LS) and minimum
mean square error (MMSE) estimators are applied
to channel estimation in MIMO systems. Working
well on certain cases, they have trouble with issues
in their surroundings such as noise, fading and
interference which leads to their performance
getting worse. Besides the training itself, they need
a good grasp of the noise’s properties in the
channel, a fact that may be tricky to achieve even
for advanced researchers. For this reason, research
has focused on using DNNs in deep learning and
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they have made significant progress in improving
channel estimation. Since DNNs extract features
automatically, they are an effective choice for
complex and massive MIMO systems, known as
high-dimensional MIMO systems. They also
respond well to different channel conditions,
making these deep learning methods more reliable
when there are frequent changes in the channel.

We propose here a channel estimation approach
with DNNs for massive MIMO which helps learn
the channel just from the received signal and is
efficient and accurate everywhere except in clean
surrounds. We look at how the suggested method
performs with respect to the standard LS and
MMSE techniques in various channel conditions.
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Fig 1. Deep Learning for Channel Estimation in Massive MIMO

2. LITERATURE REVIEW

Using Massive MIMO, the wireless communications
area has improved tremendously for the coming 5G
and future generations. A lot of antennas are used
at the base station in Massive MIMO, so users can
share the same bandwidth without interfering with
each other. With this configuration, more data can
be sent within the same radio band, different
signals interact less and the system becomes
stronger against other signals. As | mentioned, as
there are more antennas, channel estimation
becomes a much tougher task, as it directly
impacts how well the system functions.

2.1 Channel Estimation in MIMO Systems

To analyze the communication between
transmitter and receiver, MIMO systems use
channel estimation to understand the CSI of the
channel. Knowing this information is necessary to
handle broadcasting and control interference.
Traditional channel in MIMO systems use pilots
that are first transmitted into a specific time-
frequency area. These techniques are suitable only
for small MIMO setups since they require many
calculations and perform poorly in large ones. With
noise, fading and interference present, these
techniques may not give the best results.

The LS method is straightforward because it
estimates the channel by trying to minimize how
far the received signal and the estimated signal are

apart. It responds to variations in the data, so the
results may not be reliable. MMSE differs from LS
by using information from both the signal’s and
noise’s covariance which makes it stronger. MMSE
performs well, but it is too resource-heavy for
large-scale MIMO, as situations involving massive
MIMO involve solving very large matrices.

2.2 Machine Learning Approaches for Channel
Estimation

With communications growing more complicated,
people have begun using machine learning to
address issues with signals and channel
estimation. With ML, there may be better accuracy
and quicker computation in estimating signals
when the system runs with varying and unwanted
noise. Recently, many ML techniques have been
suggested to improve channel estimation in multi-
input and multi-output (MIMO) systems.

One way to train the system is by using supervised
learning, where you provide it with input-output
sets describing the signal and the channel state
information. SVM, KNN and Random Forests have
each been tried to complete this task. Nevertheless,
manual feature design is necessary with most of
these techniques and they may not function well
when there are many antennas and users in a
system, as in massive MIMO.

2.3 Deep Learning for Channel Estimation
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Using machine learning, deep learning is now
popular among people looking for ways to model
complicated patterns. Deep neural networks
(DNNs) are utilized to estimate channels in MIMO
wireless systems. Learning the mapping of the
signal to the channel matrix directs DNNs to
perform signal classification on their own. The key
benefit of deep learning is that it can deal with
complex relationships and learning is easier when
there is a large amount of data.

For channel estimation, CNNs are used to analyze
spatial information, while RNNs focus on studying
how the channel changes with time. CNN methods
have demonstrated that they can benefit from the
way different parts of the signal are related to
collect better channel estimates. In addition, using
autoencoders  with  unsupervised learning,
researchers are trying to condense channel data
that allows for accurate estimation.

Deep learning-based approaches have
outperformed traditional estimators in multiple
situations in simulation experiments. With deep
learning networks, the estimator can perform well
in different situations with changing noise levels,
interference and fading. Also, DNNs help manage
the complex structure of massive MIMO systems
while consuming fewer resources relative to
MMSE.

Currently, transfer learning is being introduced,
where models are adapted to operate in different
situations after being trained in the first place. In
wireless networks where situations can change
such as due to people moving or changing
surroundings, this approach is most helpful.

2.4 Challenges and Opportunities

While results from deep learning-based channel
estimation are promising, some issues still need to
be resolved. Collecting training data is one of the
biggest challenges for deep learning. Compiling
robust and large-scale MIMO training data is both a
tough and time-consuming process. Additionally,
the ability of deep learning to apply in urban areas
filled with obstacles should be studied more. It is
also necessary to create methods that can make
inferences from models in real-time and adapt to
any changes in channel conditions with low delays
and minimal computer requirements.

Even so, deep learning creates new opportunities
for improving estimation of channels in massive
MIMO networks. Researchers may also study
combining traditional methods and deep learning
in order to benefit from both approaches. It is
expected that using reinforcement learning for
channel estimation in adapting environments will
bring greater performance to wireless systems in
the future.

3. RELATED WORK

Using LS or MMSE is often addressed in the study
of channel estimation in massive MIMO. They are
efficient for tiny MIMO systems, but cause a lot of
trouble and perform poorly in large MIMO systems
because it takes a lot of computing power and
these systems often face big interference and noise.
Experts in the area are using ML, mainly DL, to
help with estimating channels in modern MIMO.

3.1 Traditional Channel Estimation Techniques
A number of studies have focused on how to
estimate channels in MIMO systems. In that
research, the authors outline an efficient way to
estimate the channel in MIMO systems by
analyzing pilot symbols directly. Yet, the cost of
running this method becomes high as more
antennas are used. In contrast, some researchers
propose using MMSE estimators, as they can
enhance the accuracy of estimates using channel
statistics. In this research, findings confirm that
MMSE can improve performance, especially when
the sound signal is noisy. Their high level of
strength comes at a price as they need a lot of
computing power to handle data in massive MIMO.

3.2 Machine Learning Approaches for Channel
Estimation

The use of ML helps lower the complexity and
improve the accuracy of channel estimate methods.
In [3], the researchers investigate using Support
Vector Machines (SVM) and the K-Nearest
Neighbors (KNN) algorithm to estimate the
channel for MIMO systems. Even though these
methods save from a massive amount of computing
steps, they still need features reported manually
and are not suitable for use in massive MIMO
systems. Furthermore, [4] explored using Random
Forests (RF) to estimate the channel state
information and found that the prediction results
were effective. On the other hand, using these ML
models for massive MIMO systems does not work
as well as using deep learning, as they don’t
perform as well on large-scale data and do not
accurately detect all the details in the signals.

3.3 Deep Learning for Channel Estimation
Noticeably, DL has drawn interest in massive MIMO
because it can estimate detailed channel
information, even if there is no need to select
features. The authors of paper [5] mentioned that
CNNs could provide effective ways to estimate
channels in a MIMO scenario. Since CNN is able to
notice spatial features in the information it
processes, this led to more accurate results when
channels were estimated, no matter the noise.
Thanks to this technique, scientists could perform
fewer calculations and obtain more accurate
estimates.
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In paper [6], the authors examined the use of RNNs
and LSTMs in networks that evolve with time.
Because LSTM can follow the changing nature of
the channel, it is practical in volatile environments.
For unsupervised channel estimation, [7] makes
use of an autoencoder network. The autoencoder

CNN layers
Received Spatial
mg; al feature
extraction

reduced the size of the channel matrix, allowing
the user to estimate the channel data more quickly
and easily. In systems with a large number of
antennas and a complicated environment, deep
learning methods are much better than LS and
MMSE.

Estimated
channel
matrix

Input
layer
Received
signal Y

Fig 2. CNN _ Based Channel Estimation & LSTM - Based Channel Estimation

3.4 Hybrid Models and Transfer Learning
Present research has focused on integrating
traditional channel estimation approaches with
deep learning. The authors in [8] developed a
hybrid system where they first use the MMSE
method and later adjust the first estimate with the
help of a DNN. The DNN was trained to correct the
mistakes in MMSE and this led to much higher
accuracy in estimation. It is similar that [9]
examined methods called transfer learning, fine-
tuning models trained for one environment to be
used elsewhere. As a result, this technique helped
in using deep learning models for channel
estimation on various channels, leading to a more
reliable performance.

3.5 Challenges and Opportunities

While using deep learning has improved channel
estimation for massive MIMO systems, there are
still several issues to address. The main issue is
that large training datasets are generally not
accessible in real situations. In addition, most deep
learning algorithms tend to need large amounts of
data and take considerable time to train. Several

studies, for example [10], have looked into using a
combination of labeled and unlabeled data, yet
these techniques are still at a beginning stage. Still,
DNNs and other deep learning architectures have
improved, but they should be made more efficient
for running in real-time on systems with fewer
resources.

3.6 Conclusion of Related Work

Overall, using deep learning for channel estimation
with massive MIMO is more accurate and efficient
than the previous techniques of LS and MMSE.
However, problems such as requiring many
records, training models for long periods and
transferring ideas to new situations have not been
solved. It appears that hybrid models and transfer
learning will play a major role in enhancing the
effectiveness and use of deep learning models in
modern and large-scale MIMO systems. Moving
forward, researchers will focus on elements such
as real-time operation, data reduction and
developing innovative structures to make massive
MIMO more effective.
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Fig 3. Related work Flow Chart

4. System Model

In this section, we present the system model for
the massive MIMO system considered in this paper.
The system consists of a base station (BS)
withMantennas, which serves K users, each
equipped with a single antenna. The channel
between the BS and the users is represented by H,
which is an MxK matrix. The received signal at the
BS, denoted by Y, can be expressed as the following
equation:

Y=HX+N

where Y € BY*! is the received signal vector,
X € B¥*1 is the transmitted signal vector, and

N € B™*! is the noise vector. The objective of this
study is to estimate the channel matrix Hfrom the
received signal vector Yusing a deep learning
model. This process requires the model to learn
the mapping from the observed signals to the
channel state information (CSI), which is essential
for accurate communication in massive MIMO
systems.

Y=HX+N

N:
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X =CMx1

Fig 4. MIMO System Model for Downlink Transmission

4. Proposed Deep Learning-Based Channel
Estimation Method

4.1 Network Architecture

The model used for estimating channels is a deep
learning model called a deep neural network that
connects its many layers. The network begins with
the received signal Y as input and gives us the
estimated channel matrix H" as output The
structure of the network includes ways to estimate
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the channel properly using the directional qualities
in the incoming data.
The DNN includes:

o A layer that gathers the signal Y, the put-in
files or other data.
o Extracting features in several hidden layers by

using ReLU (Rectified Linear Unit) or Leaky
ReLU as the activation function
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o An output layer that gives the channel matrix
H°, our estimate of the actual matrix of
channel responses.

The network is trained by providing the network

the correct values for the channel matrix H.

Usually, the loss function measures the mean

squared error (MSE) between what K is

approximating and what it should be.
L=H-HI3

4.2 Training Procedure

The network is taught by using many samples from
channel simulations that are designed to represent
the wireless channel environment.
Backpropagation and gradient descent are used in
training the model to set the network’s weights
correctly. Several conditions such as noise, fading
and interference are added to the data to make the
network prepared for situations outside the
simulated model.

4.3 Data Augmentation

Data augmentation methods are used to increase
the strength and ability of the model to handle
various data. Ways to achieve this involve adding
noise, emulating varied fading conditions and
changing both the number of users and the
number of antennas to cover a variety of network
cases in training.
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5. Simulation Results
5.1 Simulation Setup
The performance of the proposed deep learning-
based channel estimation method is evaluated with
the following parameters:

e Number of antennas: M=64

e Number of users: K=8

e Signal-to-noise ratio (SNR): Ranges from

0 dB to 30 dB.

The method is compared against traditional LS and
MMSE estimators, with mean squared error
(MSE) used to measure estimation accuracy and
robustness to noise.

5.2 Results and Discussion

The findings demonstrate that representing the
model with deep learning results in better
estimations and better resistance to noise
compared to LS and MMSE models. When there is
more noise, the model achieves better channel
estimation by giving us lower MSE. Although the
MMSE method is better than LS, the deep learning
method has a clear advantage at lower SNRs. The
estimator that uses deep learning performs well in
situations where the received signal includes
complex features, even in situations where channel
conditions change rapidly.

LS Estimator
—=— MMSE Estimator
—— Deep Learning Estimator

0 5 10

15 20 25 30

Signal-to-Noise Ratio (SNR) [dB]

Fig 5. Comparison of Channel Estimation Methods

6. CONCLUSION

The study develops a way to train a deep neural
network to learn the channel parameters from the
signals received in massive MIMO systems.
Adopting this method makes things much simpler
by allowing more accurate estimates. Results from

simulations prove that the deep learning-based
estimator is superior to LS and MMSE methods in
terms of accuracy and resistance to noise. Overall,
this technique seems to be effective for matching
big MIMO applications, mainly in difficult
conditions with lots of noise and disturbances. The
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next step will be to enhance the network design
and study additional machine learning approaches
to improve how channels are estimated in tough
wireless conditions.
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