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Abstract — In this paper, the application of Al and machine learning
(ML) to the study of wireless propagation channels is investigated in
two parts: first, an artificial neural network model is used to improve
path loss prediction, and then, a pattern recognition model using
multilayer perceptron (MLP) networks is used to identify and
remove impulsive noise in power delay profiles (PDP). These studies
were conducted based on field measurements in the 2400 MHz band
in a public square with vegetation. The results are analyzed and
compared with ordinary least squares (OLS) nonlinear regression
results and results from similar studies. The Root Mean Square
Error (RMSE) values between the experimental results of mean path
loss and those provided by each propagation model are presented.
The adjustment performed by OLS nonlinear regression and ANN
significantly reduced the RMSE. The best results are those presented
by artificial neural networks, with RMSE of 0.39 when using four
neurons in the hidden layer of the ANN. The ANN used to identify
and remove impulsive noise in power delay profiles (PDP) through
pattern recognition proved to be more efficient than the CFAR
technique. ANN technique found a larger number of valid
multipaths compared to the CFAR technique.

Index Terms—Aurtificial neural network, machine learning, path loss, propagation in
vegetation.

I. INTRODUCTION
Radiofrequency communications have undoubtedly reached the top of the hierarchy of importance in

telecommunications services. In the upcoming years, a remarkable revolution is poised to transform
various sectors of the global economy. Two new standards will be responsible for this revolution in this
huge market: the fifth generation (5G) of mobile communications and the sixth generation of WLAN
(IEEE 802.11ax). The new IEEE 802.11ax standard [1] was designed for high-density environments

like trains, stadiums, and airports. Moreover, this technology is expected to bring advantages to Internet
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of Things (loT) implementations and home and office networks, with considerably lower deployment
costs compared to 5G. Its operation will occur in the unlicensed bands of 2.4 and 5 GHz. The 5G will
operate in low and medium frequencies and mm Waves, with sub-6GHz bands being the most
recommended in its initial implementation stage [2]. In Brazil, the National Telecommunications
Agency (ANATEL - Agéncia Nacional de Telecomunicagdes) decided that 5G will initially operate in
the bands between 2300-2400 MHz (n40) and 3300-3800 MHz (n78). These frequency bands balance
wide coverage area and high capacity, economical implementation, and greater penetration into internal
environments.

Accompanying this evolution and popularization of mobile networks, the public administration of
states and municipalities in Brazil has invested in the adoption of internet access points for free use in
public spaces of great circulation, such as squares, parks and bus stations, promoting digital and social
inclusion, improving the experience of visitors in the practice of ecotourism in Conservation Units.
There are also programs aimed at communities in a state of social vulnerability and environmental
conservation areas. Both the environmental conservation units and most public squares and parks in
Brazil are environments predominantly covered by vegetation, which directly impacts the propagation
of electromagnetic waves in these areas. Therefore, several research works [3]-[10] on the behavior of
electromagnetic waves in environments with a large presence of vegetation for various applications
have been carried out in recent decades.

Several models [11]-[16] were developed to estimate the propagation loss in vegetated environments.
However, they are specific and not applied in all scenarios. Therefore, it is important for the modeling
based on empirical data and the improvement of the existing models.

On the other hand, Artificial Intelligence (Al) techniques have rapidly advanced in many domains
since the last decade, including Radio Propagation. Al allows the system to correctly interpret external
data, learn from such data, and use those learnings to achieve specific goals and tasks through flexible
adaptation [17]. Machine learning (ML) is a branch of Al that enables machines to learn from a massive
amount of data. ML techniques have also been widely applied in various propagation channel research
[18]-[19]. In this context, we investigate the application of Al to the study of wireless propagation
channels in vegetated environments. ML techniques in propagation loss improvement, using artificial
neural network (ANN) in the nonlinear regression of field measurement data, and in wideband channel
characterization, in particular, in the filtering technique (CFAR), are used for mitigating the effect of
impulsive noise in power delay profiles (PDP). This procedure guarantees a more assertive
determination of the time dispersion parameters of the channel.

Experimental results of time dispersion and coverage statistics of an outdoor reception signal in the
2400 MHz band, focusing on the electromagnetic coverage of a public park with vegetation between
the transmitter and the receiver, will be presented. Narrowband and wideband characterizations are

performed by processing data obtained with a continuous wave (CW) signal and orthogonal frequency
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division multiplexing (OFDM) with a bandwidth of 20 MHz, respectively. Statistical results for the path
loss exponent are presented. From the relation of the propagation loss of the received signal with the
distance, comparisons of adherence were made with some propagation models already established in
the literature.

The remainder of the paper is organized as follows. Section Il presents previous related works
concerning the characterization of the channel in vegetated environments and the application of ML
techniques in radio propagation. Section Il discusses the narrowband and wideband sounding
techniques used in this paper. Section IV summarizes the main empirical path loss models for vegetation
environments. Section V introduces how Al techniques will improve propagation loss prediction and
delay profile filtering. Section VI details the measurement environment and setup. Sections VI discuss

the results. Section VIII concludes the paper.

Il. RELATED WORKS
The study of the behavior of the electromagnetic wave propagated in an environment with the

presence of vegetation was carried out in many different scenarios and different frequency bands.
Adewumi and Olabisi [7] investigated the propagation behavior of radio waves in the 1,835 MHz band
along a long-forested channel of about 8 km with mixed vegetation of different densities. The results
showed that the generic models, mainly modified exponential decay, provided significant errors for the
long forest channel scenario, and the authors proposed a new model. Leite et al. [8] characterized the
radio frequency channel in a propagation environment with particular vegetation and a lake. The authors
identified the communication channel model that best describes communication characteristics; the
effects of large-scale fading, such as path loss and log-normal shadowing; the characterization of small-
scale fading (multipath and Doppler) and the estimation of the aircraft speed from the identified Doppler
frequency. Azpilicueta et al. [9] characterized radio channels for wireless sensor networks (WSNs) ISM
2.4 GHz in an environment of non-homogeneous vegetation. The analysis allows the design of ZigBee
and WiFi-based environment monitoring tools where WSN and smartphones cooperate, providing rich
and personalized monitoring information to users in a user-friendly way. Pires et al. [10] carried out the
broadband characterization of the mobile radio channel in environments with vegetation in the 2.5 GHz
band. In those studies, the authors positioned the transmitting antenna at an altitude of tens of meters,
equivalent to the height of 4G base stations. Measurements were carried out kilometers away from the
transmitter.

In this paper, the measurement, modeling, and validation of existing models on the effect of
vegetation in a common square, typical in Brazil, are reported. This investigation is distinguished from
the others by considering the transmission antenna at only 3 meters high, typically the height of
transmitters in this type of scenario.

As mentioned in the introduction, many investigations of radio channel propagation involving
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Machine Learning techniques have been carried out in recent years. Some of these are aimed at coverage
analysis and channel characterization.

Some papers [20]-[23] applying ML to propagation channels studies have been published, where the
coverage prediction modeling of propagation signal is the focus of the studies. Zhang et al [20], present
the principles and procedures of machine learning-based path loss prediction evaluating the
performance of different models such as artificial neural network, support vector regression, and
random forest. Authors show that these machine-learning-based models produces excellent results.
Sotiroudis et al. [21] make use of Convolutional Neural Network (CNN) to improve path loss prediction.
The results found are satisfactory and the authors propose the application of the methodology for path
loss prediction in urban environments for several state-of-art wireless networks like 5G and Internet of
Things (loT). Shin Jo et al. [22], proposes a machine learning framework for modeling path loss using
a combination of three key techniques: artificial neural network (ANN)-based multi-dimensional
regression, Gaussian process-based variance analysis, and principal component analysis (PCA)-aided
feature selection. ANN then learns the path loss structure from the dataset with reduced dimension, and
Gaussian process learns the shadowing effect. The authors show that the combined path loss and
shadowing model is more accurate and flexible compared to the conventional linear path loss plus log-
normal shadowing model. Moraitis et al. [23] assesses various machine learning methods that aim at
predicting path loss in rural environment. The results demonstrate that all the proposed machine learning
models outperform the empirical ones, exhibiting, in any case, root-mean-square-error (RMSE) values
between 4.0 and 6.5 dB.

However, few studies have been performed in applying artificial neural networks to identify
multipath in power delay profiles [24]. In this research, ANNSs were used to identify valid multiple paths
in power delay profiles obtained from the impulse response of the outdoor channel in the 2400 MHz

band with vegetation.

[1l. CHANNEL CHARACTERIZATION AND SOUNDING TECHNIQUE
A transmitted radio signal reaches the receiving mobile station by three main propagation

mechanisms: reflection, diffraction, and scattering. Furthermore, the envelope and phase of the received
signal vary randomly because electromagnetic waves travel along different paths of varying lengths,
called multipath. Because of this randomness, the mobile propagation radio channel is studied and
analyzed statistically.

Incident energy absorption, signal scattering, dispersion, and depolarization are important in
vegetation propagation. Hence, understanding the statistical behavior of electromagnetic waves
propagated in channels with vegetation presence becomes crucial. This statistical behavior can be

analyzed from a narrowband channel sounding perspective and a wideband channel sounding.
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A. Narrowband Channel Sounding
In the narrowband sounding, it is possible to evaluate the behavior of the received signal power as

the receiver moves around the transmitter and thus evaluate propagation loss in a given environment.
Several models already established in the literature are often used to predict propagation losses in
environments with vegetation. Still, these models cannot always correctly express the real losses in all
types of scenarios, which leads to the need to develop specific models for specific scenarios.
Furthermore, the multipath effect generates small-scale variability and echoes at the receiver caused by
the arrival of replicas delayed with respect to the first component of the received signal, causing time
and frequency dispersion. Small-scale variability can be investigated through field measurement
campaigns using narrowband channel sounding techniques, where a narrowband signal (CW) is used

as a test signal.

B. Wideband Channel Sounding
Wideband channel sounding allows us to obtain channel impulse response (CIR) and know the power

delay profiles (PDP) through it. The PDP will allow us to identify the replicas of the signal that reach
the receiver and thus obtain channel dispersion parameters in the time and frequency domains. In this
paper, we will focus our analysis on the time dispersion of the channel.

There are numerous wideband sounding techniques for characterization in indoor and outdoor
environments. among the most representative, known in the literature, is the transmission technique of
a train of periodic narrow pulses [25], the pulse compression technique [25], and the transmission
technique of signals with multiple carriers based on OFDM [26]-[27]. The OFDM is a multiport
technique that is easy to implement. It does not require cables for synchronization between Tx and RX,
making it ideal for outdoor soundings and immunity to multipath fading and impulsive noise [28].

In the multicarrier sounding technique, an OFDM symbol with a cyclic prefix is generated and
transmitted sequentially on the channel. A gap is inserted between transmitted symbols. The signal
captured by the receiving antenna is stored. A cross-correlation process between the received signal and
the originally generated OFDM symbol allows the identification of each received OFDM symbol [25].
As shown in Fig. 1, the OFDM symbols are identified by the gap introduced and by the correlation

peaks caused by the cyclic prefix and the ODFM symbol during the cross-correlation process.

Received Signal
1 T T

09 OFDM symbol

08 Correlation peaks 1

Correlation coefficient

I | | |
1000 2000 3000 4000 5000 6000 7000 8000
Samples

Fig. 1. Transmission and reception setups for narrowband and wideband sounding.
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Narrowband channel sounding and wideband channel sounding schemes can be seen in [29]. The

OFDM sequence and PN signal parameters are presented in Table I.

Table 1. configuration of the ofdm signal

Parameter Value Measurement unit
Channel bandwidth [BW] 20 MHz
FFT size [NFFT] 1024 Samples
Sampling factor 2 -
Sampling rate 50.108  Samples/second
Number of used carriers [Nused] 800 Carriers
PN length 1023 bits
Cyclic Prefix [CP] 1/16 Samples

In this paper, we will apply the scheme that combines the advantages of the multicarrier techniques
and STDCC was proposed and employed by [30], in which a PN signal is OFDM modulated and
transmitted over the communication channel. Thus, the power delay profile is directly obtained by the
cross-correlation between the received signal and a copy of the transmitted signal.

IV. EMPIRICAL PATH LOSS MODEL IN VEGETATION ENVIRONMENT
The vegetation attenuation models can be classified into empirical and analytical ones. Empirical

vegetation attenuation models developed using experimental data are convenient for their simplicity,
even though this method overlooks the measurement's geometry and fails to differentiate between
various modes of propagation. The Modified Exponential Decay (MED) and the Maximum Attenuation
(MA) are widely used generic empirical models. Both approaches assume that path loss in vegetation

increases exponentially with distance.

A. Modified Exponential Decay (MED) Models
The Modified Exponential Decay modeling considers different parameters for different types of

vegetation and frequency ranges, whose mathematical expression is given by:

Lyegetation = a * fb *d°€ 1)
and a, b and ¢ were determined from empirical measurements considering different environments and
frequency ranges.

The first MED-type model was proposed by Weissberger [11] in 1982. Weissberger’s model was
developed in the situation where both antennas were in the ground with a foliage depth of 400 m and a
frequency range of 230 MHz to 95 GHz, applicable in situations where propagation occurs through the
grove of trees. About 1988, The International Telecommunication Union (ITU) developed a
propagation loss model for vegetated paths using Weissberger's same technique and frequency range.
This model is known as the Early ITU-R model [12]. Just like Weissberger's model, the Early ITU-R
model is applicable in areas with a high density of vegetation, and which have a presence of geometry
in which the transmitting or receiving antenna is near enough to a small (less than 400 m deep) grove
of trees so that the majority of the signal propagates through the trees. To get a more generic model, the

European Co-operation in Science and Technology (COST) developed another model called COST 235
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[13] in 1996. This model was developed using measurements conducted on 9.6 GHz and 57.6 GHz
frequencies.

In 1998, Al-Nuaimi et al. [14] proposed a new model known as Fitted ITU-R. The Fitted ITU-R gives
the excess attenuation as a function of vegetation depth and frequency and is recommended for use at
frequencies of 10 to 40 GHz, considering in-leaf and out-of-leaf vegetation scenarios.

B. Maximum Attenuation (MA) Model
The maximum attenuation model (ITU-R 833-6) [15] is recommended by International

Telecommunications Union (ITU) for a frequency range of 30 MHz-30 GHz. This model considers that
the additional loss due to vegetation can be characterized based on two parameters. First, the specific
attenuation rate (y) due primarily to the scattering of energy out of the radio path, as would be measured
over a very short path; and second, the maximum total additional attenuation due to vegetation in a
radio path (4,,,) as limited by the effect of other mechanisms, including surface-wave propagation over
the top of the vegetation medium and forward scatter within it. The excess attenuation due to the

presence of the vegetation is given by [15]:

yd
Lvegetation =Anp [1'e Am (2)

where d is the vegetation depth in meters.

The value of specific attenuation due to vegetation, y dB/m, depends on the species and density of the
vegetation. Approximate values are given in Fig. 2 [15] as a function of frequency for horizontal and
vertical polarizations. For the frequency range used in this work, the value of y chosen was 0.45.

The parameter A,,, has a frequency dependency of the form:

A,=a-fP (3)
in which f is the frequency (MHz). According to Rec. ITU-R P.833-6 for measurements conducted in

Europe for 900-2200 MHz frequency range, a = 1.15 and b = 0.43.

10

A\Y

10

Specific attenuation (dB/m)

10°

10
10 MHz 100 MHz 1GHz 10 GHz 100 GHz

Frequency

V: vertical polarization
H: horizontal polarization

Fig. 2. Specific attenuation due to vegetation, in dB/m, as a function of frequency [15].
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In 1998 Al-Nuaimi et al. [14] proposed a new model known as Fitted ITU-R. The Fitted ITU-R gives

the excess attenuation as a function of vegetation depth and frequency. It is recommended for use at 10

to 40 GHz frequencies, considering in-leaf and out-of-leaf vegetation scenarios. Parameters a, b and ¢

for Weissberger, the Early ITU, COST-235 and Fitted ITU-R models are presented in Table I1.

TABLE Il. PARAMETERS OF MODIFIED EXPONENTIAL MODELS

o b c
Weissberger for 14 < d < 400m 1.33 0.284 0.588
Early ITU-R for d < 400m 0.2 0.3 0.6
COST-235, with leaves 156 -0.009 0.26

C. Chen and Kuo Model
Chen and Kuo [16] addressed the propagation loss in forest environments using measurements in the

1to 100 GHz band. They have proposed a model based on the Geometric Theory of Diffraction and the
medium was modeled by four layers: air, canopy, tree trunks and soil [34]. The expressions are given
by [16]:

Lyegetation = (@ f +b)d +c-f +d (4)

where for vertical polarization a« = 0.001, b = 0.2, ¢ = 0.5 and d = 3; and for horizontal polarization

a =0.0002,b=0.2,c=03andd = 2.

V. APPLICATION OF ARTIFICIAL NEURAL NETWORKS IN CHANNEL CHARACTERIZATION
Machine learning techniques have been considered excellent tools to analyze the propagation process

of electromagnetic waves, as they have powerful resources for learning and prediction based on the data
generated in situations of great complexity and bringing them closer to nonlinear systems. Models based
on neural networks are suggested as a potential alternative in the modeling of Radio Propagation
Channels in digital TV systems, as an improvement of prediction in the ITU models at the UHF Band
[22], or as models of prediction of propagation losses in LTE (Long Term Evolution) and LTE-
Advanced [31] communication networks. There are numerous variants of neural networks, allowing for
architecture customization based on application requirements or the designer's preferences.

Many works have been developed to seek better propagation loss prediction results using some
Machine Learning techniques [22], [33-34]. In this work, neural networks are applied to models for
predicting the propagation loss of an electromagnetic wave through the nonlinear regression of data
obtained from measurement campaigns and were used to identify multipath in power delay profile. In
both cases, we will use multilayer perceptron (MLP) networks. MLP networks have shown high
potential in solving problems involving a high degree of non-linearity in engineering. In the case of
MLP networks, the learning carried out is supervised. In this learning, the neural network receives an
input vector and an output vector with the desired result. The network can be trained by adjusting the
synaptic weights of each interconnection between neurons to find a connection between the available

data. Then, the results are compared with the desired data, and the error information found feeds the

Brazilian Microwave and Optoelectronics Society-SBMO received 15 Aug 2023; for review 27 Sep 2023; accepted 31 Jan 2024
Brazilian Society of Electromagnetism-SBMag © 2024 SBMO/SBMag ISSN 2179-1074



Journal of Microwaves, Optoelectronics and Electromagnetic Applications, Vol. 23, No. 1, e2024277600 Mar 2024

DOI: http://dx.doi.org/10.1590/2179-10742024v23i1277600 9
neural network to improve its efficiency. Before training, initial weights with small random values are
assigned to the synapses. The activation functions defined for each neuron decide whether the
information they receive is relevant or should be ignored.

In the ANN, the input data are inserted into a training algorithm that communicates numerical signals
by adjusting the weights, generating a stimulus signal that will be incorporated into the route deviation
using an activation function. These inputs, often standardized, are characteristic of the data under
analysis. For ANN training, MATLAB® software was used to produce an MLP (Multilayer Perceptron)
neural network with the aid of the backpropagation training algorithm with a specific tool called the
Neural Network Fitting Tool. This simulator was chosen due to its effectiveness, simplicity, and

knowable graphical interface.

A. Application of Artificial Neural Networks in Path Loss Prediction
In this work, neural networks are applied to models for predicting the propagation loss of an

electromagnetic wave through the nonlinear regression of data obtained from measurement campaigns.
The backpropagation algorithm using the descending gradient method is one of the most widely used
supervised learning algorithms for multilayer feedforward neural networks. However, in nonlinear
regression problems, the algorithm based on descending gradients is very slow, taking a very high
number of epochs to converge and reach acceptable minimum error values [35]. Several variations of
the backpropagation method have been proposed to make the convergence process more efficient. Then,
an efficient way to solve nonlinear regression problems is using the Gauss-Newton algorithm or the
Levenberg-Marquardt (LM) algorithm. Both methods allow you to calculate a least-squares solution in
nonlinear function regression.

The Levenberg-Marquardt algorithm is an extension of the Gauss-Newton algorithm. Some
improvements introduced by Levenberg [36] and Marquardt [37] allowed the algorithm to solve
problems involving nonlinear regression functions more efficiently. The LM method is a second-order
gradient method, which can be incorporated into the backpropagation algorithm to enhance the
efficiency of the training process [38] and is normally used to perform nonlinear regressions where the
Gauss-Newton algorithm does not converge [39].

According to [36], in the Levenberg-Marquardt algorithm, the increment of weights Aw can be

obtained as follows:
Aw = [JTW)J W) + ul]"Y"W)E (5)

where J(w) is the Jacobian matrix, JT (w) is the Hessian matrix, | is the identity matrix, E is the error
vector containing the output errors for each input vector used in the network training, and [ is a
parameter that adjusts the convergence rate of the Levenberg-Marquardt algorithm. This parameter is
adjusted at each iteration and guides the optimization process. Suppose the reduction of error E is

occurring quickly. In that case, p may be a small value, making the Levenberg-Marquardt algorithm
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approach the Gauss-Newton algorithm. In contrast, if the iteration gives an insufficient reduction, 1 can
be increased by taking a step closer to the direction of the gradient's descent [40]. Thus, such a parameter
must be large enough to decrease the objective function and approach zero in the algorithm's final stages
so that the Gauss-Newton Method's quadratic convergence is recovered.

Compared with many neural network structures, MLP neural network, which is trained by the BP
algorithm, is more mature in theory and performance. It has the advantages of simple structure, stable
state, and easy implementation, making it ideal for path loss prediction applications. For efficient
modeling of propagation loss by the neural network, we sought to organize the input vectors in an
optimized way. Several experiments were conducted with numerous configurations of the network's

hyperparameters to find the best result, which will be presented in a further section.

B. Application of Artificial Neural Networks as a Filtering Technique
To ensure the good performance of wireless communication systems, it is important to know the

characteristics of the communication channel. The sounding techniques are the experimental tools used
to know the characteristics of the mobile communication channel.

When sounding a channel and collecting data and information in the receiver, the presence of
environment intrinsic noise and the electronic equipment involved in the measurement process are
recorded. Therefore, it is common to use post-processing techniques of the collected signals at the time
of the measurement to remove or reduce noise in identifying the multipath that reaches the receiver.
These techniques are known as PDP filtering techniques because the delays generated by the scattering
of the signal can be mistaken in the receiver by impulsive noise, which must be removed from the final
analysis of the channel characterization. To distinguish the true multipath from the impulsive noise, it
is necessary to perform filtering on the power delay profiles. A technique has been constantly used for
this purpose is the CFAR filtering technique [41]. The good results provided by the CFAR technique
[45-50] accredit it as a valid technique and widely accepted by the academic community.

The application of the CFAR technique oriented to delay profile filtering is initially based on the
determination of a noise threshold for each of the PDPs obtained in the field measurements. This noise
threshold is determined according to what is presented in [41]. Then all echoes from each PDP will be
analyzed. The CFAR technique assumes that it is statistically unlikely that the large noise samples will
be present at the same delay in all three PDP records in sequence. Therefore, a PDP echo is considered
a true echo or not an impulsive noise if the two conditions below are met simultaneously: 1. The noise
threshold was exceeded both in the analyzed echo and the equivalent echo of the previous and post-
PDP and 2. At least one previous or post echo, to the analyzed echo, on the same PDP satisfies item 1.

If these two conditions above are satisfied, the echo is valid. Therefore, the CFAR algorithm proposes
that impulsive noise spurs with power above the threshold, which mixes with true echoes, occur

randomly and are unlikely to be present in three PDPs measured in sequence. In other words, there is a
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pattern in the echos that arrive at the receiver in three or more measurements performed in sequence
because the reflectors and scatterers in that short period of time are, a priori, the same.

Following this reasoning, in [24], the authors propose an MLP ANN to identify, by pattern
recognition, the impulsive noise samples inserted in the PDPs generated from field measurements,
considering that the impulsive noise will not follow the same pattern of occurrence of the true echos.

In this paper, we used ANN to identify valid echoes from field measurements for wideband channel
characterization. However, we used the vector of results obtained by the CFAR technique as a target
vector for the supervised learning of the artificial neural network. ANN was trained from the input of
seven information vectors regarding each of the various PDPs, obtained empirically: 1. Threshold: noise
threshold determined according to what is presented in [41]; 2. Average: mean values of the power of
all PDP echoes before applying the filtering technique; 3. Median: median values of the power of all

PDP echoes before applying the filtering technique; 4. Standard deviation: standard deviation values of

the power of all PDP echoes before applying the filtering technique; 5. Power: power value of each
echo from the PDP under analysis; 6. Predecessor: power values of all echoes from the PDP
immediately preceding the PDP under analysis; and 7. Successor: Power values of all echoes of the
PDP immediately after the PDP under analysis.

As was mentioned, the CFAR technique is also applied to analyze the same PDPs, and its results are
used as the neural network's desired/target output vector. Fig. 3 shows the schema of the neural network
generated in the MATLAB® software.

Threshold

OFDM Signal Average

Y
Power Delay Profile

Median

(PDP)
Standard
¢ ‘L Deviation
Application of ANN
Filtering Rules Input Data Predecessor

v Successor

Valid Multipath
and Noise

Y

Power

i ANN Training

ANN
Output Data

Fig. 3. Stages of ANN input and output preprocessing.
Despite the good results and consistency of the results of the CFAR technique, in [24] the authors

note CFAR’s inability to resolve multipath components with shorter interarrival time. According to
them, the ANN technique found more true echoes than the CFAR technique. The greater identification

of true echoes of the ANN technique leads to different values of average excess delay and RMS delay
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spread obtained using the CFAR and ANN techniques. Although the values have some agreement, it is
important to highlight the results of learning and recognition of standards ANN to consider its results

more reliable.

VI. MEASUREMENTS ENVIRONMENT AND EQUIPMENT SETUP

A. Environment
The chosen scenario was the campus of the Pontifical Catholic University of Rio de Janeiro (PUC-

Rio) with the presence of vegetation and a certain degree of urbanization. As expected, the university
campus is an environment with many dispersers, among them bushes and large trees with much foliage,
benches and concrete tables, an area for the circulation of people and cars, and a parking lot, typically
representing the desired study environment. Fig. 4 shows three different views of the propagation region
of the test signal and a top view of the studied area. The green line shows the route taken during
measurements. The purpose of the measurements was to collect empirical data that would allow for
channel characterization, including signal variability statistics, path loss, signal coverage, and
dispersion parameters for the outdoor-to-outdoor channel. For that, two different measurement setups

were installed: one for the narrowband probe and the other for the wideband one.

-43.234 -43.233

-43.233 -43.233
I

-22.979

-22.979

-43.234

Fig. 4. Measurements Environment.

B. Narrowband Measurements Setup

The narrowband channel sounding is probed by a CW unmodulated 2.4 GHz tone generated by an
MG3700A Vector Signal Generator. Its RF output is connected to a power amplifier of 46 dB gain and
an omnidirectional antenna with a 3 dBi gain mounted on a fixed mast 6 meters from the ground. The
effective isotropic radiated power (EIRP) was 17.4 dBm. The RX (receiver) was placed on a wheeled
cart to facilitate its movement along the route in Fig. 4. An omnidirectional antenna with 5 dBi gain
fixed at the height of 1.5 m is connected to an HP8594E Spectrum Analyzer tuned to 2.4 GHz, operating
in the zero-span mode. Measurements were carried out with the TX stationary while the RX was moved

throughout the living area at a speed of approximately 1.5 m/s.
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C. Wideband Measurements Setup
The wideband-sounding technique combines the advantages of the multicarrier and STDCC

techniques proposed in [30], in which a PN sighal modulates OFDM. The transmission setup was the
same employed in narrowband channel sounding. However, a 20 MHz OFDM signal was generated in
MATLAB® and transmitted by ANRITSU MG3700A Vector Signal Generator.

The reception setup included a vector signal analyzer ANRITSU MS2692A and a laptop for data
recording. A PN sequence modulated the OFDM subcarriers. The signal has components in-phase (1)
and quadrature (Q) and it is converted to the wave format (.wvi) used by the signal generator MG3710A
via the software 1Qproducer®. This conversion inserts gaps of 200 null samples between symbols to
ease the identification of OFDM signals in reception. The PN sequence of the OFDM signal has a length
of 1023 bits, with 1 bit/sample and a sampling frequency of 50M samples/second. The transmission and
reception setups used in both soundings are those shown in [30].

Typically, the PDP contains spurious peaks produced by the noise added by the channel. For accurate
determination of the temporal dispersion parameters of the channel, cleanup needs to be performed to
eliminate or minimize the noise effects. Previously [24], we developed an alternative technique for
filtering the power delay profile using artificial neural networks to identify and extract impulsive noise.
The output information from ANN will be the multipath considered valid in each PDP obtained from
the field measurements. PDPs containing only valid multipath will be used to determine the channel's

temporal dispersion parameters.

VII. RESULTS AND DATA ANALYSIS
The data and geographic coordinates acquired during the measurement campaigns made it possible to

realize narrowband and wideband characterization.

A. Narrowband Characterization Results
For the analysis, all points of the routes were considered. In contrast, the routes were divided into

small sections for small-scale analysis to check where the signal was predominantly LOS or NLOS.
The received power in the narrowband varies quickly due to the fading caused by the multipath.
However, according to [42], averaging power along a 20-lambda linear track (about 2.5 m for 2400
MHz) yields a reliable estimate of the average local power. From these average power values, the path
loss is calculated. The path loss (PL) is defined as the ratio of the effective transmitted power to the
received power, calibrating out system losses, amplifier gains, and antenna gains. The procedure
adopted for determining the path loss exponent, n, from the measurements obtained in the field was

developed by [43]. Fig. 5 presents a path loss scatter plot for all measurement data.
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Fig. 5. Measurements and path loss adjusted to the data.

The logarithmic values of distance lead to the line of better adjustment for the path loss from which
the path loss exponent, n, is found to be 2.73. If the transmitter antenna was higher, certainly that
exponent would increase because the signal would cross the canopy of the high trees and vegetation,
which is responsible for absorbing, scattering, and depolarizing the signal.

For the small-scale variability analysis, density probability function curves were drawn for the LOS
and NLOS sectors, as shown in Fig. 6 (a) and Fig. 6 (b), respectively. The maximum likelihood
estimates (MLEs) provide statistical parameters of Weibull, Nakagami, Rice, and Rayleigh
distributions. The results showed that the Weibull and Nakagami distributions adhere better to the
empirical data than the Rice and Rayleigh distributions. However, in LOS situations, the Rice
distribution adheres better than the Rayleigh distribution because of the stronger direct ray. In NLOS
situations, the K parameter of the Rice distribution is equal to zero, making it become Rayleigh
distribution, typical of a multipath environment without sight.
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Fig. 6. Small scale fading statistics (a) LOS Situation and, (b) NLOS Situation
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B. Comparison with propagation loss models for environments with vegetation
Fig. 7 shows the predictions using the six specific models for vegetation environments described in

Section V.

—&— Weissberger model

= Measurements
-+ COST-235 model
150 ——&--Early ITU-R model
—¢—FITU-R model
—e— Max Attenuation model
140 |- |—©— Chen & Kuo model T 4
Moving Average of Measurements ot

30 . L
50 100 150 200

Tx-Rx Separation Distance (m)

Fig. 7. Models fitted to the measurements.

A guantitative analysis through Root Mean Square Error (RMSE) between the experimental results
of mean path loss and those provided by each propagation model, besides the mean absolute error
(MAE), identifies the best model fitted to the data. The errors are in Table IlI.

TABLE 1. RMS ERROR BETWEEN MODELS AND PATH LOSS RELATED TO THE DATA

Model MAE RMSE
Weissherger 5.20 6.07
COST 235 15.63 15.68
Early ITU-R 13.17 13.94
Fitted ITU-R 3.31 3.65
Max Attenuation 3.73 411
Chen and Kuo 5.54 3.94

The measurement results in the investigated environment show that the COST-235 model, and Early
ITU-R model overestimate the loss propagation, providing greater losses than those found empirically.
The COST-235 model was developed using a higher frequency range than the one used in this research,
which justifies its high loss prediction. The Early ITU-R model proved accurate in measurements close
to the transmitter. However, as the distance between Tx and Rx and the vegetation depth increases, this
model presents very high prediction errors. Similar studies [44], [45], [46] also identified high
prediction errors in the COST-235 and Early ITU-R models.

Weissberger, Fitted ITU-R, Chen & Kuo, and Max Attenuation models were the ones that best adhered
to the empirical data. However, because they are general, their predictions would be improved with
values closer to the real ones, helping to better planning in the deployment, which is the main object of

our study.
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The prediction improvement in the analyzed vegetated environment was performed in two parts. First,

the modified exponential models, Chen & Kuo and Max Attenuation models were adjusted by nonlinear

regression based on an Ordinary Least Squares (OLS) approach. Fig. 8 presents the graphical

comparison of the models after the adjustment by OLS nonlinear regression for the vegetated

environment.

—©--MED models Adjusted by Nonlinear Regression
1407 . Measurements
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Moving Average of Measurements
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Fig. 8. Result of the models fitted by OLS nonlinear regression.
The parameters presented in (1), (2) and (3), adjusted by the OLS nonlinear regression, are shown in
Table IV, and the New MAE and RMSE results after adjusting the models by OLS nonlinear regression

are in Table IV. There is a significant improvement in the prediction.

TABLE IV. PARAMETERS ADJUSTED BY NONLINEAR REGRESSION

a b c d

Modified Exponential Models ~ 0.92 0.34 0.116 -
Max Attenuation Model 1.18 0.40 - -
Chen and Kuo Model -0.0004 1 0.0079 1

TABLE V. PATH LOSS MODELS ERROR RESULTS AFTER ADJUSTED BY NONLINEAR REGRESSION

MAE RMSE
Modified Exponential Models ~ 1.43 1.74
Max Attenuation Model 1.22 1.66
Chen and Kuo Model 5.54 3.04

Then, a nonlinear regression using artificial neural networks of the MLP type was applied. The number
of input vectors and the type of variable used in the neural network are very relevant information for
solving the problem. Finally, the distance between the transmitter and receiver and the path loss values,
determined by the FITUR model, were used as input variables, presenting the lowest RMSE among the
previously analyzed models. The database with 1070 measurement data was normalized by the Min-
Max method and divided into three subsets, which are called the training subset, consisting of 60% of
the total samples; the validation subset, consisting of 20% of the total samples; and a test subset,

comprising 20% of the total samples set. The gradient descent and Levenberg-Marquart
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backpropagation algorithms were tested and the convergence time with the Levenberg-Marquart
algorithm was much shorter and offered the best results in the network. According to Kolmogorov [48],
in theory, only one hidden layer already offers good results for regression problems. The number of
neurons in the hidden layer must maintain the compromise between overfitting and underfitting. In
general, neural networks with few hidden neurons are preferred, as they tend to have better
generalization power, reducing the overfitting problem. The network was tested with several numbers
of hidden layers and several numbers of neurons in each hidden layer, proving to be efficient even with
only one hidden layer and two neurons. No significant improvement was observed with increasing to 3
and 4 neurons in the hidden layer. The learning rate was set at 0.05 and the Levenberg-Marquart value
was initially set at 10%; the goal error is 0.00001, and the epoch, which defines the number of times that
the learning algorithm will work through the entire training dataset, is equal to 1000. The activation
functions used were the sigmoid and linear functions for the hidden and output layers. The root mean
square error was used to evaluate the network performance. The network training counted on three
stopping criteria: the number of epochs, maximum permissible error value, and successive validation
failures. In general, the network responded well to the configurations adopted.

Fig. 9 presents the graphic result for modeling with artificial neural networks. The MAE and RMSE
values are shown in Table VI.
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Fig. 9. Result of models fitted by ANN regression with two neurons in the hidden layer.

TABLE VI. ANN MODEL ERROR RESULTS

Number of neurons in the hidden layer MAE RMSE

Two 0.47 0.56
Tree 0.37 0.47
Four 0.32 0.39

The path loss prediction offered by the ANN models obtained lower MAE and RMSE results than the

other models and presented better results than the OLS nonlinear regression. The nonlinear regression
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based on neural networks proved to be very useful in predicting the behavior of propagation losses more

accurately in vegetated environments.

C. Wideband Characterization Results
After post-processing the data obtained from the wideband channel sounding, 498 PDPs were used to

determine the channel's temporal dispersion parameters. The key parameters are average excess delay
and RMS delay spread. Average excess delay is the average time that the replicates generated from the
multipath of a signal transmitted in an instant of time (t) arrive at the receiver after the first component
has reached the receiver. It is considered the first moment of the delay profile as defined at [24]-[25]:

- _ XkPEi)Tk
t= YiP(Ti) (6)

in which P(t;) and 7, are the amplitude and delay of each multipath that reaches the receiver.
The RMS delay spread measures the temporal spread of the delay profile around the average excess

delay. The average delay spread is the square root of the second central moment of the delay profile as

defined at [25]:
_ ’Zk P(t1) (Tk-T)?
ORMS = YkP(t) (")

Each of the 498 PDPs recorded 2176 samples, and the total set of available data is divided into two
subsets, the training subset, consisting of 70% of the total sample, and a test subset, comprising 30% of
the total sample set. The ANN training was performed after careful research on MLP network
architecture. A 6-layer neural network was configurated: one input layer, four intermediate layers, and
one output layer configured with 10 and 15 neurons in its layers, considering 1000 interactions.

The ANN filtering technigque uses pattern recognition to identify noise and eliminate it from PDPs
more effectively. The points in Fig. 10 represent the multipath components the ANN filtering technique
considers true. The other delays are disregarded in calculating the average excess delay and RMS delay
spread, which characterize the channel dispersion.

Fig. 10 shows a power delay profile obtained by ANN and the CFAR techniques. ANN technique
found a larger number of valid multipaths compared to the CFAR technique. In [24], the authors note
CFAR’s inability to resolve multipath components with shorter interarrival time. Their results show this
weakness of the CFAR technique, while the ANN technique can identify these multipaths. These results

show the characteristic of the ANN technique in identifying a greater number of multipath.
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Fig. 10. ANN x CFAR Techniques Comparison.

Table VII shows the maximum and minimum values of the parameters of Average Delay and the
RMS values, which are presented and do not differentiate the LOS and NLOS situations. The range of
RMS delay spread found in all PDPs ranges from 32 to 301 ns, consistent with other results found in

the literature in similar regions [10],[48]-[49].

TABLE VII. TEMPORAL DISPERSION PARAMETERS

Min Max Mean
Average Excess Delay (ns) 3 186 58
RMS Delay Spread (ns) 32 301 121
The cumulative distributions of (a) the experimental RMS delay spread and (b) the number of

multipath are shown in Fig. 11 (a) and Fig. 11 (b), respectively.
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Fig. 11. Cumulative distrigal}tion function of (a) the RMS delay spread and ((tl):))) the amplitude of multipath.

The Kolmogorov-Smirnov test was used to validate the adherence of the theoretical cumulative
distributions with the empirical results, and the Rice distribution was the one that most adhered to both.
Notably, 90% of the RMS delay spread values are below 175 ns. Besides this, the cumulative
distribution of the relative amplitudes of the RMS delays showed Rayleigh-like behavior since Rayleigh
is a particular case of Rice distribution when Rice K factor is null. This result is validated by the ITU-
R 1411-6 recommendation [50].

Table VIII shows the RMS delay spread values obtained with other related works.
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TABLE VIII. COMPARISON WITH OTHER RESULTS

Frequency RMS Delay Spread(ns) Reference

1.88 GHz 120 [49]
2.5 GHz 110 [10]
1.9 GHz 151 [50]

According to [51], the arrival of the multipath component follows a Poisson probability distribution
in an outdoor environment, where the probability of receiving one component in the first N time

intervals is given by:

Py(L =D = j—;e—l 8)
and A is the average arrival rate of the multipath components. Using the results of valid multipath
components obtained after applying the ANN technique, Fig. 12 shows the fitting of the empirical

results with the Poisson distribution for the number of multipath components arriving at the receiver.
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Fig. 12. Cumulative distribution function of the number of multipath.

VIIl. CONCLUSIONS
This paper presents results of narrowband and wideband channel characterization from

measurements in a public square with vegetation in the 2.3-2.4 GHz band.

The path loss exponent, n, found in the narrowband sounding was equal to 2.73. It would have a
higher value if the transmitter antenna was in a position that crossed a major volume of vegetation. The
path loss was compared with six specific vegetation models and sought to improve these models through
two efficient regression techniques based on Ordinary Least Squares (OLS) approach and multilayer
perceptron (MLP) neural networks. Although there are a variety of types of artificial neural networks,
MLP-type neural networks are simple to implement and provide consistent results with minor errors.

The ITU-R model presented the best path loss prediction between the usual models, with an RMSE
of 3.65 dB. Although the OLS nonlinear regression showed an improvement in the prediction capacity
of the measured data in the three types of modeling analyzed (MED, Max Attenuation and Chen &
Kuo), this technique does not present better results than those presented by path loss prediction models
based on MLP neural networks. Different MLP neural network architectures were established and the

impact of ANN architectures, the dimension and the percentage of training samples on PL prediction
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models was analyzed for model validation. In all cases, the RMSE was less than 0.56 dB, the
architecture with one hidden layer and four neurons in each hidden layer being the one that presented
the lowest RMSE value equal to 0.39 dB.

In wideband channel characterization, artificial neural networks were also used as a support tool in
filtering the power delay profiles obtained from the channel impulse response. The ANN technique
filtered impulsive noise, and the channel dispersion parameters were calculated. ANN technique
identified other valid multipath not perceived by the CFAR technique. The RMS delay spread shows
that 90% of the values are below 175 ns, using the valid multipath found by ANN. These values are
fundamental in designing and planning wireless communications systems because they are mainly
linked to the transmission rate permitted in a channel.

The number of multipath components that reach the receiver was also analyzed and its probability
distribution adheres well to the Poisson distribution while the cumulative distribution of the relative

amplitudes of the RMS delays adheres well to the Rayleigh distribution.
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