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Abstract—Wireless technology has faced technical challenges
that have been unresolved or only partially addressed. Issues such
as modeling the wireless channel and selecting the optimum signal
This paper proposes using Artificial Intelligence (AI) to tackle
these concerns. Machine Learning (ML) can estimate wireless
channel states based on available data. Regression and classifica-
tion techniques have been used to improve communication and
meet 5G standards. The effectiveness of ML and Deep Learning
techniques were compared to achieve the best accuracy. This
paper shows how AI can revolutionize the design of SG-NR and
future generations with an accurate prediction of 99.99%.

Index Terms—Machine Learning, Wireless Communications,
MmWave, Neural Network, Multilayer Perceptrons, Classifica-
tion, SVM and Logistic Regression.

I. INTRODUCTION

ACHINE Learning methods are used to develop al-
ternative procedures to enhance the wireless commu-
nications of different applications in the 5G era to reach
the 3GPP requirements [1]. In this manuscript, two wireless
communications issues will be investigated to ensure the Al
technique’s capability to overcome them. The issues are the
complexity of modeling the wireless channel modeling. The
classical approaches either by applying empirical or deter-
ministic approaches. The deterministic methods are based on
theories such as ray tracing, Maxwell equations and others [2].
While the stochastic is based on empirical measurement mod-
els such as Okumura—Hata [3] and COST 231 [4]. The path
loss models are estimated based on varieties of factors such
as the transmitted signal power, distance, frequency, antenna
high, etc. For every environment, there must be a unique model
that estimates the attenuated strength of the signal [5]. Channel
modeling is the process of incorporating wireless channel
parameters into a model that has the capability of forecasting
and making a prediction. The propagated electromagnetic
waves usually face the surrounding environments that cause
the signal to be reflected, diffracted, or propagated through
the medium that leads to multipath components and selecting
the optimum signal is the second issue in this work [6] [7].
Investigating and overcoming these concerns are based on
applying Al techniques that show great results as shown
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in selection 2. Millimeter-wave provides an alternative fre-
quency band of wide bandwidth to recognize pillar technolo-
gies. These requirements were introduced by International
Telecommunication Union (ITU) to provide ultra-reliable low-
latency communication (URLLC), machine-type communica-
tion (mMTC), and enhanced mobile broadband (eMBB) to
the 5G applications [8]. The wireless channel modeling is
unstable and these effective signals degregate the wireless
communications and cause fading, interference, and other
wireless issues. Current research topics of propagation signal
are dealing with applying Al to estimate the signal strength
such as [9] and other such [10] which worked on modeling
path loss for urban scenarios based on 3D-convolutional neural
networks. Furthermore, the usage of applying Al towards
interior communication to predict the path loss was conducted
in [13] [12]. With the large amournt of bands in MmWave,
[13] used AI algorithms to predict the wireless bands.

Wireless channel modeling is the middleman between the
transmitter and the receiver in wireless communication sys-
tems. Knowing and learning the propagation environments
channel require either deterministic or stochastic methods such
as the ray tracing or the empirical method which are complex
and inaccurate [14]. Moreover, both these methods are time-
consuming and every scenario has to be measured and there
must be a way to compromise them to meet the 5G-NR
requirements. It’s time to adopt and apply machine learning
techniques towards the wireless communication issues.

The first issue to be investigated here is, how to reduce the
complexity and other cons in the classical wireless channel
modeling. ML techniques have been used to investigate this
issue where the regression method is used to predict the path
loss model instead of the classical approaches. Details of the
regression method will be shown next section. The second
issue here is relay stations to assist the coverage of base
stations in the radio access network (RAN) emerge as an
attractive technique in the MmWave frequency band. However,
relay link selection to handover the signal usually based on
the strongest link becomes a critical technology to facilitate
RAN using MmWave. Neural network algorithms exhibit a
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procedure to assist the base station to select the optimum
received signal or make a decision to perform the handover.

The components of this journey are arranged as follows.
Section 2 exhibits a literature review of wireless channel
modeling, while Section 3 presents the methodology for data
acquisition and model development. Results and discussion
are presented in in the same section while the conclusion is
in Section 4.

II. WIRELESS CHANNEL MODELING

A fundamental design of a wireless communication system
is radio frequency channel modeling. The state of the art of
channel modeling is defined as a fundamental part of the
physical layer in communication systems that can be repre-
sented by mathematical parameters to model the channel. The
wireless channel is the transmission medium for mobile com-
munications which is the process of involving wireless channel
parameters in a model that has the capability of forecasting and
making a prediction. [15] have proposed an Extreme Learning
Machine (ELM) algorithm to predict the path loss model for
lower microwave frequency of an outdoor scenario to modify
the base station deployment. The propagated signals face an
issue with the surrounding environment that case the signals
to be either destructive or constructive during the propagation.
During the past decade, deterministic and empirical methods
were performed to measure the amount of degradation of the
transmitted signal and that is still considered as a drawback,
especially with the requirement of the 5G- new radio.

The first issue that would be investigated in this manuscript
is the complexity of conducting measurement campaigns in
every single scenario is time-consuming and inaccurate. The
classical procedure to come up with a wireless channel model
is to establish a new measurement campaign for every en-
vironment such as urban, rural, suburban, and others. In-
stead of measuring every single field to obtain a path loss
model, regression methods can be used to estimate a path
loss model from a specific field. An example, building a
new wireless channel modeling for an urban environment
requires performing a measurement campaign to collect data
to build the model. While with machine learning regression
techniques, that urban model can be estimated if we have any
previous data from different environments. Meaning, having
a single environment dataset can be used to create a new
model of different environments. This method will reduce the
complexity and reduce the time and the amount of money [16].

Millimetre-wave supplies an alternative frequency band of
wide bandwidth to better realize pillar technologies for 5G
- new radio (5G-NR). When using the MmWave frequency
band, relay stations to assist the coverage of base stations in the
radio access network (RAN) emerge as an attractive technique.
However, relay selection to result in the strongest link becomes
the critical technology to facilitate RAN using MmWave. An
alternative approach toward relay link selection is to take
advantage of existing operating data and apply appropriate
artificial neural networks (ANN) and other machine learning
algorithms to alleviate severe fading in the MmWave band.

In this paper, we apply classification techniques using ANN
with multilayer perception to predict the path loss of multiple
transmitted links based on a certain loss level, and thus execute
effective relay selection, which also recommends the handover
to an appropriate path. ANN with multilayer perception is
compared with other ML algorithms to demonstrate effective-
ness for relay selection in 5G-NR.

III. RESULTS

In this section, both regression and classification techniques
will be used to investigate wireless channel modeling. Where
the regression approach will be applied to assure the capability
to predict a certain wireless environment based on a dataset
from a different environment. Three methods of regression
techniques will be used to overcome the complexity of the
wireless channel modeling. These methods are linear, multi-
ple linear, and Support Vector Machines Regression. While
classification approach will be used to classify the propagated
signals to accelerate the base station decision to select the
optimum received signal. In this approach, deep learning and
machine learning techniques will be performed and compared
to enhance the accuracy of the prediction.

A. Linear and Multiple linear Regression

The classic wireless communication channel modeling is
performed using Deterministic and Stochastic channel method-
ologies. Nowadays, machine learning (ML) emerges to revo-
lutionize system design for 5G and beyond. ML techniques
such as supervised learning methods will be used to predict the
wireless channel path loss of a variety of environments based
on a certain dataset. The propagation signal of communication
systems fundamentals is focusing on channel modeling, par-
ticularly for new frequency bands such as mmWave. Machine
learning algorithms can facilitate rapid channel modeling for
5G and beyond systems such as cellular and Vehicle to
Vehicle (V2V) communications systems due to the emerging
of wireless big data. When irregularity of the wireless channels
leads to a complex methodology to achieve accurate models,
machine learning algorithms explore to reduce the complexity
and increase the accuracy that reduces the number of mea-
surements. In this paper, we demonstrate applying machine
learning to develop alternative procedures to enhance the
path loss models using machine learning techniques. Due to
channel complexity and the time consuming the measurements
take, this journey develops alternative procedures to reduce
the channel measurements that are used to predict path loss
models. This can be done by using the measurement of a
certain measurement scenario to predict and assist in the
prediction of the path loss model of a different environment.

Estimating the path loss model such as the floating model
as (1) can be taken to the form of regression whereas linear
regression has only one channel feature which is distance.
While multiple linear regression consists of many parameters
that represent different wireless channel features such as delay,
receive signal strength, distance, and others.

811



Floating-Intercept (FI) Model is a path loss model and can
be estimated using the regression method as shown:

PL¥!(f,d)[dB] = a + 10Blogio(d) + X1* (1)

k
Y =P+ BiX )
=1
p
E(Bo, Bi) =Y _[yi — (Bo + Bi X:)]? 3)
i=1

Equation 2 is a multiple linear equation to estimate output
which is in our case the path loss. While equation 3 is
used to predict the parameters. By applying this approach to
estimate the coefficient parameters and then characterizing the
theoretical loss L is obtained.

argmin L = % Z(}A/(k;) —Y(k))? “4)

J
B. Support Vector Machines Regression

Support Vector Machines (SVM) is another method of the
supervised ML algorithms that can be used in either regression
or classification [17]. In this section, SVM is used to fit the
data in terms of regression based on a theoretical foundation
based on Vapnik-Chervonenkis’s theory to minimize the error.
SVM is a type of supervised learning to perform a classifica-
tion task that was presented by [18] and the basic idea of SVM
is to map a dataset from a finite-dimensional space to a high-
dimensional space in the form of linear and nonlinear shapes.
The extension of that technique is support vector regression
which is used in regression techniques in a continuous case.

f(m,w)szac—&—b 5
j=1

SVR is a regression method that can be used for wireless
channel modeling and it’s different from SVM. The output
of the algorithm supposes to be continuous values instead
of Classification which is categorical. The function that will
be used to describe this method is called kernel and is used
to map lower dimensional data into higher dimensional data.
It’s well known that SVR uses a hyperplane to predict the
response instead of using it as a separation line in the SVM
to distinguish the classes. An advantage of applying SVR is
the absence of the local minima to and used instead of the
margins [19].

SVR is different than regular linear regression by fitting
the error within a certain threshold instead of minimizing the
error using the least square error. Furthermore, the fitting line
in the SVR is based on the maximum data points within certain
boundaries.

wzr +b=0d (6)

While the boundaries are shown as
—e<y—wr—>b<e (7

where ¢ is the error of the data point to each boundary.

e = argmin Z(Yi - YZ)Z (8)
i=1

Figure 1 shows the path loss prediction and the results of
the accurate estimation can be presented by R-Square using
equation 9.

o 2Wis gi)? ©)
Sy — )%
where y;, y;, and y; represent the actual, predicted, and mean
values, respectively, in the prediction of the path loss, PL.
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Fig 1: Regression techniques that are used to predict path loss
using different environment’s data.
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Fig 2: ML Regression fitting line techniques.

Figure 2 shows three models, the red dots are simulated
data from the MUi environment and the black model is the
urban micro-cell (UMi) model. The blue line is an urban macro
model which can be seen in how close the model is with an
R-square of 0.21 for UMi and 0.53 for UMa which considers
a great result. While the green regression line is linear SVR.

Conveniently, this procedure helps with reducing the time
consumed to collect several measurements in terms of mod-
eling the wireless channel modeling, enhancing accuracy and
reliability. Solving these issues can be applied to other ap-
plications such as vehicle-to-vehicle (V2V), IoT, and other
networking utilization. Determining and solving this issue
meet the 5G-NR pillars technologies of enhancing mobile
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broadband (eMBB) and ultra-reliable and low-latency commu-
nication (URLLC) and massive machine type communications
(mMTCO).

The loss of the SVM can be obtained using the below
formula

0 if ly — f(z,w)| <
y(z) = fz,w) —e

0.W..

Ee(yaf(x7w)) = {
(10)
C. Neural Networks Algorithms

Neural networks work as the human brain’s neurons and
the difference between ANN and the human brain is the p4ess
of electro-chemical, while ANNs are managed by electro-
mechanical signals. ANN techniques have not reached human
efficiency due to multiple reasons such as the number of
human brain neurons much higher than the number of artificial
neural networks. The ANNs algorithms have the capability to
learn the interference between the data and map the training
data to the label output as supervised learning [20]. Moreover,
ANN can infer the relation between the channel parameters
in a regression, classification, and recognition problem [21].
Applying ANN methods to wireless communications issues
can enhance the performance such as overcoming the handover
issue since ANN is capable of adapting its structure during
the learning computing. ANN techniques such as Multilayer
Perceptrons (MLP) algorithm can improve the process more
than other classification methods in the previous section.
Multilayer Perceptrons follow the form as shown below.

y=FfO_ WiXi+b)

i=1

Y

Where f is the non-linear activation function and W is the
vector of weights of X vector inputs and b is the error. In this
work, we proposed six models of Multilayer Perceptrons with
different specifications following the pseudocode procedure.
By comparing the ANN methods to other machine learning
techniques, we can see that ANN algorithms performed better
than others and that can be seen in the below figures that
are based on Receiver Operating Curve (ROC) and Precision-
Recall Curves (PRC) The ROC curve presents the trade-off
between the true positive rate and the false positive rate to
evaluate prediction performance [22] as follows.

Involving ROC metrics requires the need of two parameters
which are sensitivity (true positive rate) and specificity (true
negative rate) as shown below.

TP

TN
i ficity = ——— 13
speci ficity TN+ FP (13)

However, the PRC curve is based on the relation between
precision and Recall.

TP

— 14
TP+ FP (14)

precision =

TP
TP+ FN
where the notations are as follows, a true positive (TP), a

false positive (FP), a true negative (TN), and a false negative
(FN).

Recall = (15)

Algorithm 1 MLP Feed Forward and Backward Propagation

Require: Initialize W;, b; and ¢ weights at random, bias
variables, and choose a learning rate.
1- Feed Xi)to the input layer.
2- Compute the neurons using summation and then apply
an activation function such as the Sigmoid function.
3- If the activation signal pass, feed-forward through net-
works to produce output(s).
4- Compute the output layer using V; = f(3°0, Wi, X; +
bi).
5- Compute the error e = 7" 1(Y; — ;)2
6- Compute back-propagation layer by layer.
7- Update all weights and go back to step 1
8- Keep updating the weights until converges using itera-
tions.

Multiple MLP feedforward models have been used in this
work with different specifications as shown below.

e Model 1: One Hidden Layer of 10 Neurons

e Model 2: Two Hidden Layers of 50 and 10 Neurons

o Model 3: Three Hidden Layers of 10, 50 and 10 Neurons

¢ Model 4: Four Hidden Layers of 10, 50, 50 and 10
Neurons

o Model 5: Five Hidden Layers of 10, 50, 100, 50 and 10
Neurons

e Model 6: Eight Hidden Layers of 10, 50, 100, 100, 50
and 10 Neurons.

Multilayer Perceptrons neural networks have been compared
with machine learning algorithms to predict the optimum
propagated link. Figure 3, presents the results and compassion
of these algorithms to predict and select the best link. Fur-
thermore, an observation from applying the neural networks
to the wireless communications issues, we detected that the
number of hidden layers should be lower than the number of
inputs by 30%. By applying this observation, model 6, began
degrading once the number of hidden layers have achieved
70% of the number of the inputs as can be seen in Figure 5.
From the figure, it’s obvious that MLP-ANN depends on the
number of the network structure such as the number of nodes
and layers. The ANN is sensitive to the number of hidden
layers and neurons that can cause underfitting and overfitting
[23]. Moreover, Other former machine learning algorithms
have been compared to our models such as support vector
machines that could not outperform well in overcoming the
relay link selection.

Critical and further topics such as power control, mod-
ulation, interference, handover and other classical issue are
recommended to be investigated by artificial intelligence.

813



Receiver Operating Characteristic

Sensitivity(True Positive Rate)

—— Logistic Regression Model (AUC = 0.927)
~—— Dummy Classifier Model (AUC = 0.493)
—— SVM (AUC = 0.973)

0.2 A

0.0 0.2 0.4 0.6 0.8 1.0
Specificity(False Positive Rate)

(a) Case I: ROC of ML Technique

Receiver Operating Characteristic

Sensitivity(True Positive Rate)

—— Model 1 (AUC = 0.753)
—— Model 2 (AUC = 0.936)
—— Model 3 (AUC = 0.932)
—— Model 4 (AUC = 0.977)
—— Model 5 (AUC = 0.999)
—— Model 6 (AUC = 0.984)

0.0 0.2 0.4 0.6 0.8 1.0
Specificity(False Positive Rate)

(c) Case III: ROC of ANN Technique

Relay Selection Precision-Recall curve

1.0 T 1
0.8 1
c 0.6 1
2
@
]
4
I
0.4
0.2 1
—— Logistic Regression Model (RF=0.955)
——— Dummy Classifier Model (RF=0.626)
—— SVM Model (RF=0.981)
0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0
Recall
(b) Case II: PRC of ML Technique
Relay Selection Precision-Recall curve
1.0 — |
0.8 1
c 0.6
o
@
%3
g
&
0.4 4
—— Model 1 (RF=0.855)
—— Model 2 RF=0.961)
0.2 4 — Model 3 (RF=0.957)
—— Model 4 (RF=0.988)
—— Model 5 (RF=1.000)
—— Model 6 (RF=0.991)
0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0
Recall

(d) Case IV: PRC of ANN Technique

Fig. 3: Simulation results for both AI and ML methods.

IV. CONCLUSION

In this article, multiple AI algorithms have been covered
to overcome wireless communications drawbacks in a variety
of communication applications such as the wireless system
in terms of 5G and beyond. The capability and potential of
Machine learning (ML) techniques that have been applied in
this journey to meet the SG-NR. The purpose of this letter
elaborates on the ability of machine learning to solve other
communications issues. Algorithms such as neural networks
have been used as a classification technique to solve the
handover issue by selecting the best propagation link based on
the path loss. Regression techniques have been used as well to
overcome the complexity and time consumption of collected
measurements of every single field to build a communication
model. Other machine learning techniques are already used
such as SVM, and logistic regression to overwhelm other wire-
less communication problems. We conclude this journey that
MLP-ANN acts better in selecting the optimum propagated

signal compared to other machine learning techniques to meet
third 5G -new radio (NR) requirements such the ultra-reliable
and low latency communications.
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