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Abstract—This paper designs and applies a multi-layer
perceptron neural network model and a radial basis function
neural network model to predict signal power loss. It
compares their advantages and disadvantages in predicting
signal propagation environments using measurement data
from a long-term evolution line-of-sight environment. Thus,
a major focus is on their performance in prediction accuracy
and efficiency. The details of the applied models, their
architectural structures, and their geometries are analyzed,
as these greatly influence their performance. The models
were trained using data collected from a realistic, complex
line-of-sight, diverse environment. The simulations allowed
the trained multi-layer perceptron and the radial basis
function network models to quickly simulate new geometries
of significant complexity within the dataset. Essentially, this
addresses the trade-off between efficiency and accuracy in
ANN propagation models. The regularization technique and
early stopping training method were used to ensure proper
network generalization, with neuron counts in steps of ten in
the hidden layers during training. The number of neurons in
the hidden layers of both models impacts their predictive
capabilities. Fewer neurons in the multi-layer perceptron led
to underfitting, whereas too many causes overfitting. A
moderate number of 40 neurons in the hidden layer shows
good generalization. The radial basis function network,
however, offers better and more efficient predictions of
complex systems compared to the multi-layer perceptron, as
its accuracy improves with more hidden layer neurons. At 70
neurons, the correlation coefficient was nearly +1. It also
takes less training time for the radial basis function network
to predict signal power loss than the multi-layer perceptron.
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1. INTRODUCTION-ARTIFICIAL NEURAL NETWORK
MODELS

Artificial neural networks comprise simple elements
that operate in parallel and are inspired by the biological
nervous system [1—3]. The functions of the network are
largely determined by the connections between the
elements [3]. A neural network model is trained to perform
a given task by adjusting the connection (weight) values
between the elements [1, 2]. Mostly, the ANN models are
adjusted and trained for a given input to result in a
particular output. There is an adjustment of the network
based on the assessment of the output and the target until
the network input and the target match.

Artificial neural networks have been trained to perform
complex tasks in diverse fields of application, such as
pattern recognition, classification, signal prediction,
control systems, etc. Presently, ANNs are trained to solve
problems that are difficult for humans and conventional
computers [3, 4].

The neuron composition and the architecture of the
Artificial Neural Network (ANN) models describe how
they transform their inputs into outputs [4]. The ANN
model’s architectural composition determines the extent of
the model’s performance and its limitations.

There is a need for a proper understanding of the
computational abilities of the various ANN models
enabled by their architecture to ensure proper training by
adopting adequate training methods.

The efficient application of ANN models is presumed to
exhibit good generalization properties while providing
excellent predictions for unknown geometries using
training data. Our focus in this research paper is on the
application of a Multi-Layer Perceptron (MLP) neural
network model and a Radial Basis Function (RBF) neural
network model in the prediction of signal power loss using
a measurement dataset, and comparing their pros and cons
in predicting the signal propagation environments. Thus,
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observations are on the performance of the models in
prediction accuracy and efficiency.

Details of the ANN models, their architectural
compositions, and their geometries are analyzed, and a
comparison is made. Key contributions from the work are:
a thorough study of the architectural compositions of the
models for signal power loss propagation with trained
datasets and results produced. These models were trained
with measured data collected from realistic, complex Line-
of-Sight (LOS) diverse environments. The simulations
enabled the trained ANN models to instantly simulate the
new geometries of the dataset. Fundamentally, this
resolves the dichotomy between the efficiency and
accuracy of the ANNs propagation models. The paper is
structured as follows: Section I is an introduction, and
Section II describes the network architectures of the multi-
layer perceptron and the radial basis function networks.
Section III is neural network architectures and training.
Sections IV and V outline the methodology employed for
data collection and the neural network models in training
the dataset and generating ANN results. Section VI is the
results and results analysis, while Section VII is the
conclusion.

II. NETWORK ARCHITECTURES- ESSENTIALS

Neurons are combined in a layer to form a particular
network [2, 4]. A one-layer network that has “IP” inputs
and “S” neurons is considered as shown in Fig. 1 [5].
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Fig. 1. A one-layer network with multiple “IP” inputs and S neurons.
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where is the number of elements in the input vector,
while is the number of neurons in the layer.

In Fig. 1, every element of the input vector “IP”
connects to every neuron input through the weight matrix
W. The “ith” neuron has a “summer” which gathers the
weighted inputs and “bias” to form a scalar output “ns” [6].
The many “ns” brought together form the “S” element and
not the input vector “n”. The column vector is formed by
the various neuron layer outputs as expressed in Eq. (1).

op = f(Wip +b) 1
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A layer is not considered to possess an equal number of
inputs as the neurons [4, 6]. Neurons of a single composite
layer can be created with diverse transfer functions by
merging two networks in parallel. Both networks possess
the same inputs, however, each of the networks creates a
separate output. The weight “w” enables the entrance of
the input vector into the network [6].

W W e W,
W=| Wy Wy, Wy, (2)
Wg W e Wy,

The row indices on the matrix “w” element indicate the
neuron of the weight destination, while the column indices
signify the input source to the weight.

A. Inputs and Layers

There is a need for distinction between the connected
weight matrices to the inputs and the weights connected to
the layers, as well as the sources and destinations of the
weight matrices [6, 7]. The weight matrices connected to
the inputs are referred to as the “input weights”, while the
weight matrices that form the layer outputs are referred to
as the “layer weights”. This is illustrated by re-drawing in
abbreviated form the one-layer multiple-input network in
Fig. 2.
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Fig. 2. One-layer multiple input network.

where “n” is the number of elements in the input vector
and “S” is the neuron number in the layer. The weight
matrix that is connected to the input vector is labeled “IW1,
17, which is referred to as the input weight matrix. It has
source 1, the second index, and destination 1, the first
index. The layer one element, such as the bias, the net input,
and the output, has a superscript 1 to state their association
with the first layer. A layer includes the combination of
weights, multiplication, and summing operations, which is
realized as the vector product of the input and the weight
(ws, n), the bias, and the transfer function. An array of input
vectors is not a layer [8, 9].
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B.  Multiple Layers of Neurons

A network with several layers has a weight matrix “W”,
a bias vector “b”, and an output vector “op” as shown in
Fig. 3, and is referred to as a multi-layer neural network

[9].
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Fig. 3. A multi-layer neural network.
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Egs. (4)—(6) are the neural network output for layers 1,
2, and 3, respectively. The neural network architecture can
comprise several layers with every layer possessing a
weight matrix “W?”, a bias “b”, and an output vector “op”
[9, 10]. The output from the intermediate layers is the
input to the following layer. The multilayer network layers
play various roles; the layer that produces the output is
referred to as the output layer, while every other layer in
between the input and the output is referred to as the
hidden layer [9].

Multilayer networks are robust as a network of two
layers with a sigmoid first layer and a linear second layer
that can be trained to approximate any function reasonably
well with a finite number of discontinuities. The inputs to
the neurons include the bias and sum of their weighted
inputs, while the output of the neurons is dependent on the
inputs and their transfer function. The network architecture
describes the number of layers it has as well as the number
of neurons in each layer, every layer’s transfer function,
and how the layers connect [9, 10].

According to previous research works [9—11], the best
architectural network to employ is dependent on the
problem type to be represented by the network. A network
architecture affects a computation by mapping inputs to
the output values [10, 11]. The exact mapping problem to
be carried out fixes the input number as well as the network
outputs. Apart from the neuron number in a network output
layer, each of the layer’s neurons is determined during the
design. The more neurons a hidden layer possesses, the
more powerful it is [10]. Linear mapping needs to be
denoted with linear neurons; however, linear networks are
incapable of performing non-linear computation. The
application of a non-linear transfer function makes a
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network able to store non-linear relationships between the
input and the output. A simple problem can be represented
by a single neuron; however, a single-layer network is
incapable of solving certain problems [12]. A multiple-
layer network ensures greater freedom for the network.

An architectural network with biases is capable of a
swift representation of the relationship between the inputs
and the outputs more than a network without biases [11,
12]. A neuron with a bias learns to have any net transfer
function input under the same conditions by learning
appropriately the bias values.

C. Learning Rule

This is a learning algorithm that is the procedure for the
modification of the weights and biases of a network [13].
Learning rule is employed to train the architectural
network to perform certain tasks [13]. It can either be a
supervised or unsupervised learning rule provided with a
training set of the exact network behavior [12, 13].

In supervised learning, the set of the training set for a
proper network behavior is given to the learning rule.

On application of the inputs to the network, there is a
comparison of the network outputs to the targets. The
learning rule is applied in the adjustment of the weights
and the biases of the network in order to move the network
outputs closer to the targets. However, in unsupervised
learning, the weights as well as the biases are simply
modified in response to the network inputs. There is no
existing target output, and the algorithms mostly perform
clustering operations. The input pattern is categorized into
finite classes [13]. Unsupervised learning is mainly useful
in applications such as vector quantization, while
supervised learning is excellent for applications such as
system prediction [12, 13].

Learning rate is a parameter for neural network training
that controls the size of the weight and the bias changes
during training. It is simply the fastness of a network in
abandoning old beliefs for new ones. Generally, there is a
need for a learning rate that is small enough for useful
convergence of the network and also high enough that the
training of the network doesn’t take so long [14].

Therefore, in updating the weight /" by gradient

descent, a learning rate  has to be selected. The change
in weight added to the old weight is equivalent to the
product of the learning rate and the gradient descent
multiplied by —1.

OF
oW

VW' =n (7

The essence of the —1 is for updating in the minimum
direction of error function and not the maximum. Hence,
to prevent oscillation such as connection weight
alternation inside the network and improve convergence
rate, an adaptive learning rate is used as a modification of
gradient descent back propagation.

D. Back-Propagation

The term back-propagation refers to the manner of the
computation of the gradient for non-linear multi-layer
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networks [13]. There are a number of variations on the
basic algorithm, which are based on the standard
optimization techniques such as Newton’s method and the
conjugate method [12, 13]. These are implemented by the
neural network toolbox together with a number of other
variations. Back-propagation was invented by the
generalization of the Widrow—Hoff learning rule to multi-
layer networks and non-linear differentiable transfer
functions [14]. The input vector and the corresponding
target vectors are employed to train a network until it can
approximate a function, associate input vectors with
particular output vectors. A network with biases, a sigmoid
layer, and a linear output layer can approximate any
function possessing a finite number of discontinuities [14].
Adequately trained back-propagation networks tend to
offer reasonable answers on presentation with inputs they
have never seen [14]. Thus, a new input results in an output
that is similar to the correct output from the input vectors
employed in the training, similar to the presented new
input. This generalization property makes it possible to
train a network on a representation set of input/target pairs
and get excellent results without the network training on
every input/output pair. There are two features of the
neural network toolbox that are designed to improve
network generalization. These are the Bayesian
regularization and the early stopping methods.

E. Improving Network Generalization

A major problem that occurs in the course of neural
network training is over-fitting [14, 15]. A tiny value
drives the error on the training set. However, at the
presentation of new data to the network, the error is large.
There is already memorization of the training examples by
the network, but it hasn’t learned how to generalize to new
situations. Fig. 4 is a response of a 1-20-1 neural network
trained to approximate a noisy sine function. The dotted
line shows the underlying sine function while the noisy
measurement data are represented by the “+” symbols. The
solid line represents the neural network response. It is seen
that the network has over-fitted the data and will not
generalize well [14].
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Fig. 4. A trained network to approximate a noisy sine function with poor
network generalization.
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One method to improve the generalization of a neural
network model is the application of a network large
enough to provide an adequate fit [15]. A larger network
handles and creates a more complex function. Thus, a
network small enough will not have the power to overfit
the data. However, it is difficult to know beforehand how
large a network should be for a particular application [15].
Two techniques are used for improving generalization,
which are implemented in the Neural Network Toolbox.
However, if the network parameters are smaller than the
overall number of training set points, over-fitting is likely
not to occur.

F.  Regularization

Regularization is a technique for improving
generalization by the modification of the performance
function, which is normally chosen in the training set as
the sum of squares of the network error [16]. The
modification of the best performance function can be
carried out as stated in Eq. (7) [16, 17]:

F—mse—li(ef—ii(t ~a,)’ 8
Ni:l i Ni:l i i 3

The typical performance function used for training a
feed-forward neural network is the mean sum of squares of
the network errors as expressed in Eq. (7). The
generalization can be improved if there is a modification
of the performance function by the addition of a term that
consists of the mean of the sum squares of the network
weight and biases [16].

)

msw =

msereg = ymse _(1—y)msw

is the performance ratio and

4

%Z}Ll w} Application of the performance function will

make the network possess smaller weights and biases and
thus force the network response to be smoother and less
likely to encounter over-fitting. The problem with
regularization is its difficulty in determining the optimum
value for the parameter performance ratio. If the parameter
is too large, over-fitting may arise, while too too-small
parameter results in inadequate fitting of the training data
to the network.

G. Automated Regularization Using Bayesian
Regularization (Trainbr)

Automated regularization is a routine that automatically
sets the parameters of regularization during network
training. Bayesian Regularization determines the optimal
regularization parameters automatically, employing the
framework of David MacKay [18], where the weights and
biases of the network are spposed to be random variables
with stipulated distributions. The parameters of
regularization are related to the unknown variance that is
associated with the distributions. Bayesian regularization
is implemented in the function “trainbr”. One of the
features of the “trainbr” algorithm is its provision of a
measure of the number of network parameters, i.c., the
weights and biases algorithm for network inputs and target
outputs that are scaled to approximate a fall in the range.
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Efficiently being employed by the network [18, 19]. The
effective number of employed parameters remains
approximately the same despite the largeness of the
number of parameters in the network. There is an
assumption that the network has been trained for an
adequate number of iterations to ensure convergence.

H. Early Stopping Training Method

The early stopping training method is another technique
for improving generalization by the division of the training
data into subsets. The first subset is referred to as the
training set, the second subset is referred to as the
validation set, and the third subset is referred to as the
testing set [18]. The training set is employed to compute
the gradient and update the network weights and biases.
The validation set ensures that the error on the validation
set is appropriately monitored during the network training.
However, when there is an overfit of the data by the
network, the error on the validation set typically starts to
increase. On the increase of the validation error to a
particular number of iterations, the network training stops,
and the weights and biases at a minimum of the validation
error are returned. The test set is applied in the comparison
of the various models, as well as being useful in plotting
the test error during the training process. A test set error
that reaches a minimum at a drastically different iteration
number than that of the validation set error indicates poor
division of the training data.

Both the regularization techniques as well as the early
stopping training method ensure proper network
generalization when adequately applied. On training using
Bayesian regularization, ensuring the network is trained
until it reaches convergence is paramount. The sum
squared error, sum squared weight, and the efficient
number of the parameters should reach constant values on
the convergence of the network. Also, it is required that an
appropriate algorithm that ensures fast convergence, such
as the Levenberg-Marquardt (trainlm) algorithm, is used
when employing the early stopping technique [19]. With
the early stopping technique, the choice of the validation
set is very crucial, as that should be representative of all
points in the training set.

III. NEURAL NETWORK ARCHITECTURES

The architectural neural network models with the back-
propagation algorithm are employed for the neural
network training using measurement data. The routine of
the neural network toolbox is capable of training more
general networks [20]. The feed-forward neural network
models considered are the multi-layer perceptron neural
network model with a single intermediate layer, as well as
the radial basis function neural network model with a fixed
intermediate layer. Each of the inputs in the model is
weighted with an appropriate weight “w”, and the sum of
the weighted inputs and the bias forms the input to the
transfer function “f’ [20, 21]. The neurons use
differentiable transfer functions to generate their output
(see Fig. 5).

The multi-layer networks mostly employ the log-
sigmoid transfer function, logsig [21].
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The function “logsig” generates output between 0 and 1
as the neuron’s net input goes from negative to positive
infinity. Alternatively, the tan-sigmoid transfer function,
“tansig”, can be used by multi-layer networks [21] (see Fig.
6).

The linear transfer function “purelin” is occasionally
employed in back-propagation networks [21]. If the last
layer of a multi-layer network has sigmoid neurons, the
network outputs are limited to a small range, while the
application of linear output neurons makes the network
take any value. The three described transfer functions are
mostly employed for back-propagation; however, other
transfer functions can be created and used as desired [20,
21] (see Fig. 7).
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Fig. 5. Log-sigmoid transfer function.
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Fig. 7. Linear transfer function.

A. Feed-forward Networks

Feed-forward networks often possess one or multiple
intermediate layers of sigmoid neurons, which are
followed by an output layer of linear neurons [22].
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Multiple layers of neurons that have non-linear transfer
functions permit the network to learn non-linear as well as
linear relationships between the input and the output
vectors. The linear output layer permits the network to
produce values that are outside the —1 to +1 range.
However, to constrain the output of a network such as
between 0 and 1, a sigmoid transfer function is used at the
output layer.

B.  Simulation

A network is simulated by the function “sim” which
takes the network input “/P’ and the network object and
returns the output network “op”. For a singular input vector,
the application of ‘sim” for the network simulation is
created as follows [22]:

IP =[1;2] (10)
op= sim(netp) (11)
op=0.1011

For the calculation of the output for a concurrent set of
three input vectors, “sim” is called as represented in Eq.
(11). This is a batch mode form of simulation where all the
input vectors are placed in a single matrix and is more
efficient than a one-time presentation of the vectors [22].

IP =[132;241]; IP =[132;241]; (12)
op = sim(net, IP) (13)
op=—0.1011-0.2308+0.4955 (14)

Neural network training is made more efficient with
certain pre-processing steps on the network inputs and
targets. One problem neural network model encounter
during network training is over-fitting on the training set,
and the inability of networks to generalize well to new data
outside the training set. This can be prevented by the
network training using the Bayesian regularization (trainbr)
training algorithm and by training using the early stopping
training technique. This requires the user to pass a
validation set to the training algorithm in addition to the
standard training set. Pre-processing helps to produce
more efficient training, and the network response after the
training is analyzed via post-processing.

IV. NEURAL NETWORK MODEL TRAINING

The measured LTE dataset was trained using the multi-
layer perceptron and the radial basis function neural
network models.

A. Neural Network Training of Multi-layer Perceptron
Network

Multi-layer perceptron network, as shown in Fig. 3, is a
competent network for performing just about any linear
and non-linear computation and can reasonably
approximate any reasonable function reasonably well [4,
18]. The network aids in overcoming the problems
associated with the linear and the perceptron’s
shortcomings [22]. However, while the trained network
may be capable of performing correctly theoretically, back
propagation, as well as its variations, may not always find
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a solution. Thus, the architectural structure of the network
is of immense importance to ensure good convergence and
local minimum points [22]. The choice of an adequate
learning rate is very challenging for network training
performance. Conversely, a too small learning rate results
in incredibly long training time, while a too large learning
rate results in over-fitting during training [16]. However,
there is no easy way of picking an adequate learning rate
for a multi-layer perceptron network except through trial
and error. The choice of a faster training algorithm for the
network training helps the default parameter values
perform effectively during training.

The non-linear transfer function in a multi-layer
perceptron network is its introduction of various local
minima in the error surface [21]. As the gradient descent is
performed on the error surface, there is the possibility that
the network solution to be trapped in one local minimum.
This may occur based on the initial starting conditions.
Settling in a local minimum is either good or bad based on
the closeness of the local minimum to the global minimum
and the extent of smallness of the required error [22].
However, multi-layer back-propagation networks with
adequate neurons can implement just about any function;
back propagation may not always locate the adequate
weights for the optimal solution. Therefore, the network
may be reinitialized and retrained multiple times to
guarantee the best solution [23]. The multi-layer
perceptron network is also sensitive to the number of
neurons in the intermediate layers. Few neurons may result
in under-fitting where whereas too many neurons can
result in over-fitting, where the training points fit well, but
the fitted curve takes wild oscillations between the points.

Multi-layer feed-forward networks are trained with
back-propagation with differentiable transfer functions to
perform pattern association, function approximation,
pattern prediction, etc. [16]. With back-propagation, the
derivative of network error to network weights and biases
is computed and applied with various optimization
strategies. The multi-layer network architecture is not
completely inhibited by the problem statement; instead,
the number of neurons in the output layer is limited by the
number required by the problem. The designer determines
the architectural layer number between the network inputs
and outputs and the size of the hidden layers.

B.  Neural Network Training of Radial Basis Function
Neural Network Model

The radial basis function network can be designed with
either “newbr” or newbe [20, 21]. The Generalized
Regression Neural Network (GRNN) and the Probabilistic
Neural Network (PNN) can also be designed using the
“newgrnn” and “newpnn” respectively [21]. When the
input is 0, the radial basis function has a maximum of land
as the distance between the input and the weight vector
decreases, there is increased output. Therefore, a radial
basis neuron acts as a detector that produces 1 whenever
the input is identical to the weight vector. The bias permits
the adjustment of the sensitivity of the “radbas” neurons.
Radial basis function network comprises two layers: a
hidden radial basis layer “S' neuron, and an output linear
layer of “S?” neurons [21].
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where R is the element number in the input layer, S! is the
number of neurons in layer 1, and S? is the number of
neurons in layer 2.

(15)
(16)

al= radbas("]]Wm +P||b][)
a’ = purelin(LW,.a' +b*)

a,I is the " element of a', where 11 W 1is the vector
made of the i row of IW, ;.

The ||dist|| box in Fig. 8 accepts the input vector P
and the input weight matrix, 1/W;,. This produces a
vector that has S;element. The elements are the distance
between the vector input and vector /W, ; that was formed
from the rows of the input weight matrix. The bias vector
b, and the output of ||dist|| are combined with the
MATLAB operation .*, that does element-by-element
multiplication [21, 22].

Input Radial Basis Layer Linear Layer
SR Wi
P l Six1
IIdistil LW,
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Sy St
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Ly b b,
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Fig. 8. Architectural network of radial basis function.

For a better understanding of the behavior of the radial
basis function network, the input vector P is followed
through the network to the output a®. On presentation of
the input vector to the radial basis function network, all
neurons in the radial basis layer output a value following
the closeness of the input vector to every neuron’s weight
vector [21]. Therefore, the radial basis neurons with a
different weight vector from the input vector Phave 0
outputs. The little output has just a negligible effect on the
linear output neurons. Contrarily, a radial basis function
neuron with a weight vector that is close to the input vector
Pgives a near-1 value. A neuron with an output of 1 has an
output weight in the second layer that passes its values to
the linear neurons in the second layer. Every neuron’s
weighted input is the distance between the vector input and
the weight vector, which is calculated with “dist”. Every
neuron’s net input is the element-by-element product of
the weighted input with the bias, which is calculated with
“netprod”. Every neuron’s output is the net input that
passes through “radbas”. A neuron weight vector that is
equal to the input vector has a weighted input of 0, and net
input of 0, and an output of 1.

The MLP and the RBF neural network models were
trained using a nonlinear transfer function, the tangent
transfer function. This is given as stated in the Eq. (11).

#$(p) = tanh(y(p)) 1
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V. METHOD OF DATA COLLECTION AND NEURAL
NETWORK MODELS TRAINING

The experimental real-time datasets were collected via
a drive test from a Long-Term Evolution (LTE) micro-cell
urban area operating at a frequency of 1900 MHz. One
thousand six hundred and fifty (1650) datasets were
recorded in the Log file, pre-processed and normalized in
Maplnfo and an Excel spreadsheet, trained using a multi-
layer perceptron and radial basis function. A written
program using the appropriately designed model and the
input dataset was employed for the neural network training
for each of the MLP and the RBF neural network models,
respectively. A learning rate of 0.2 was applied during the
network training, and the training was carried out in the
ANN Tool Box in MATLAB 2022a using the input dataset.

During the drive test, application of the tools such as
laptop embedded with Test Mobile System (TEMS),
network scanner, Global Positioning System (GPS), LTE
proficient mobile phones embedded with TEMS, etc. for
efficient data access and generation from the Base Station
(BS) transmitter to match up the Mobile Station (MS)
locations were employed. The extracted signal parameter
values from the log files, which are the datasets employed
for training the multilayer perceptron and the radial basis
function networks, respectively, are the Reference Signal
Receiver Power (RSRP) measured in dBm.

The Levenberg-Marquardt (LM) training algorithm was
applied for the first set of training, where the hidden layer
neurons were varied for the two models, while applying
the early stopping training technique. The second set of
training was using the Bayesian Regularization (BR)
algorithm without the application of the early stopping
technique. The BR training algorithm updates weights and
biases according to the LM optimization by squared error
and weight reduction while determining the correct
arrangement for a well-generalized trained network [21,
22]. The BR algorithm overcomes the problem of
computational overhead and memory problems associated
with the LM algorithm.

In conformity with the cost function, Newton’s
technique weight update is known as:

[1(m)] " &(v)

where H(m) and g(v) denote the Hessian matrix and the
gradient vector, respectively, shown in Egs. (18)—(19):

Vw (18)

H(@m) = J(m)"J(m) + Q(m) (19)

gw) =Jm)e(f) (20)

where  J(m) is Jacobian  matrix, Q(m) =
L V%e(fe()".

If S(w) = 0 for the Gauss-Newton technique, then Eq.
(18) becomes:

rw = —[J(m)"J(m) + u]7Jm)"e(f) e2y)

where VW is the LM weight update, / is the identity
matrix, and g is the damping factor. The BR algorithm
adjusts the linear combination to guarantee an improved
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generalized network in comparison to the LM algorithm at
the end of network training. From the LM algorithm
function approximation technique of Eq. (19), the damping
factor modification for the optimization process is applied
at all iterations. There is an increase in the cost function by
the introduction of Bayesian hyperparameters: alpha and
beta, to search for minimal error by use of the smallest
weight and notify the best direction for the learning
process to follow. The cost function becomes:

F = BE; + aE; (22)
where E4 is the sum of squared error, E; is the sum of
squared weights.

B, and aare optimization parameters.

The early stopping method was applied at a ratio of
80%:10%:10% for data training, testing, and validation,
respectively. The first-order statistical performance
indicators: the Root Mean Squared Error (RMSE), the
Standard Deviation (SD), and the coefficient of correlation
(R), were utilized for the training results performance
analysis. The difference between the trained dataset, which
is the measured data, and the prediction results is the
recorded error using the first-order statistical performance
indices, the RMSE, the SD, and the R. The training time
for the two models, the multi-layer perceptron network and
the radial basis function network, as well as the required
training epoch, were all noted to ascertain the strengths of

each of the models. The performance indices employed for
the analysis of the results are defined as [20, 22]:

1@y 2

sD = |(22Y_1ld, — a,| - MAE) (23)
N g .
— Zo:l(do ;io)(do ao) (24)
JIbesldo-ao)"|5¥-stao-a512]

1 Vmeasure
RMSE = vMSE = m\/ﬁm “[do = a,]?
(25)

where d, is the desired output, a, is the actual output, a, is
the actual output mean, and o = 1,2, 3, V are of
signal power sample values.

VI. RESULTS AND RESULTS ANALYSIS

The multi-layer perceptron and the radial basis function
networks were trained, and their pros and cons in the
prediction of signal power loss were examined using three
training techniques. The results from the application of the
early stopping training technique, hidden layer neuron
variation, and application of the Bayesian regularization
training technique were analyzed using the correlation
coefficient and the standard deviation.

TABLE 1. RESULTS FROM NEURON VARIATION IN TENS FOR THE TWO NEURAL NETWORK MODELS

Neural Variation of

Training the Hidden Epoch Training Time Standard Correlation
17\2?;‘5:‘ Algorithm layer neuron (1000) RMSE (seconds)  Deviation (SD)  Coefficient (R)
number
10 392 ggggg 6 1.765 0.9440
Multi-laver 20 865 3'2505 18 1.467 0.9725
peL:ce-ptr}c,)n trainlm 30 1000 2.5200 22 1.365 0.9898
40 1000 ’ 26 1.148 0.9945
Network 50 1000 2.8450 35 1.450 0.9845
10 620 3.7250 4 3.950 0.8465
20 1000 3.4690 6 3.240 0.8890
Radial Basis 30 1000 2.8670 10 2.120 0.9450
Function trainlm 40 1000 2.6400 10 1.840 0.9880
Network 50 1000 2.1200 12 1.500 0.9890
60 1000 1.8700 12 1.250 0.9900
70 1000 1.8605 14 1.105 0.9970
The training results from the multi-layer perceptron  decrease. This demonstrates that the multi-layer

network and the radial basis function network showcased
the pros and cons of the two models in the prediction of
signal power loss. Table I shows the training results for the
two models on the variation of the hidden layer neurons.
The neuron variation was in steps of “tens”, and for the
multi-layer perceptron network, improved prediction was
recorded as the hidden layer neurons was increased to a
maximum of 40 neurons, which gave a correlation
coefficient of 0.9945 and a standard deviation of 1.148.
The training time was 26 seconds for 1000 epochs, which
depicts the time it took the model to pass through the whole
dataset. As the neurons in the hidden layer increased, the
prediction ability of the signal power loss began to
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perceptron neural network performs more efficiently with
moderate neuron numbers in the hidden layer, and too
many neurons result in over-fitting and poor network
generalization.

On training the radial basis function network as shown
in Table I, the neuron variation was also done in steps of
tens, and the model prediction ability of the signal power
loss increased as the number of neurons in the fixed hidden
layer increased. On the application of 70 neurons in the
fixed hidden layer, the correlation coefficient is 0.9970,
and the standard deviation is 1.105. This was achieved at a
training time of 14 seconds for a 1000 epoch. The radial
basis function network shows a different pattern in its
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prediction ability. The predictive performance increases as
the number of fixed hidden layer neurons increases, and at
the application of 70 neurons in the hidden layer, the neural
network model could effectively predict the signal power
loss with a near +1 correlation coefficient. This depicts a
better and efficient prediction of complex systems by the
radial basis function network in comparison to the multi-
layer perceptron neural network. It also takes less training
time for the radial basis function network to predict a
complex system than the multi-layer perceptron network.

TABLE II. RESULTS FROM THE APPLICATION OF EARLY STOPPING
TRAINING TECHNIQUE FOR THE TWO NEURAL NETWORK MODELS

Multi-Layer Radial Basis
Parameters Perceptron Function
Network Network
Training Algorithm trainlm trainlm
Best trained hidden 40 70
layer neuron number
Epoch (1000) 1000 1000
Training Time
(Seconds) 26 14
RMSE 2.5200 1.8605
Standard Deviation
(SD) 1.148 1.105
Correlation
Coefficient (R) 0.9945 0.9970

TABLE III. RESULTS FROM THE APPLICATION OF BAYESIAN TRAINING
TECHNIQUE FOR THE TWO NEURAL NETWORK MODELS

Multi-Layer Radial Basis
Parameters Perceptron Function
Network Network
Training Algorithm trainbr trainbr
Best trained hidden
layer neuron number 40 70
Epoch (1000) 1000 1000
Training Time
(Seconds) 22 9
RMSE 2.1550 1.6900
Standard Deviation
(SD) 1.115 1.010
Correlation
0.9975 0.9985

Coefficient (R)
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Fig. 9. Signal power loss prediction using the multi-layer perceptron
neural network model.

On application of the early stopping training method (as
summarized in Table II) and the Bayesian regularization
algorithm (as summarized in Table III) for training the
multi-layer perceptron and the radial basis function
network, a correlation coefficient of 0.9945 was recorded
for the multi-layer perceptron network and 0.9970 for the
radial basis function network against 0.9975 for the
multilayer perceptron network and 0.9985 for radial basis
function network on application of the Bayesian
regularization technique. The graphical predictive abilities
of the multi-layer perceptron neural network and the radial
basis function neural network models are shown in Figs. 9
and 10, respectively. This buttresses the superiority of the
radial basis function network over the multi-layer
perceptron network. Additionally, it highlights the
advantages of the Bayesian training algorithm over the LM
training algorithm, as well as the effectiveness of the early
stopping training technique.
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Fig. 10. Signal power loss prediction using the radial basis function
neural network model.

VII. CONCLUSION

This paper designed and applied two neural network
models—multi-layer perceptron and radial basis function
neural network models to predict signal power loss, while
analyzing their pros and cons in this context. Measurement
data from a long-term evolution line-of-sight micro-cell
environment were employed.

The results demonstrated that the multi-layer perceptron
neural network performs more efficiently with moderate
numbers of neurons in the hidden layer, and too many
neurons result in over-fitting and poor network
generalization. On the other hand, the radial basis function
network predicts excellently as the number of neurons in
the hidden layer increases in comparison to the multi-layer
perceptron neural network. It also takes less training time
for the radial basis function network to predict the system
than the multi-layer perceptron network.

Future work will design and investigate the strengths of
other neural network models in predicting signal power
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loss. Also, future work will consider other general training
algorithms and other high-level programming platforms
aside from MATLAB to enhance reproducibility across
platforms.
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