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Abstract

In the wireless perception of events, Radio Sensing (RS) has been positioned
as an alternative technology that does not have major limitations under
several environmental conditions or lack of line of sight. However, there are
techniques and approaches to the RS that have not yet been widely explored
and that can improve its sensing capabilities for characterization and recog-
nition applications. Furthermore, within the new paradigm of joint radio
sensing and communications (JRSAC), it is a priority to find alternatives
that facilitate the integration of these two technologies. In this disserta-
tion, I present an RS platform based on the analysis of Doppler signatures
of a radio-frequency continuous wave signal. Specifically, the platform was
used for two relevant wireless perception applications: the detection of hu-
man falls and the detection of approaching vehicles. In fall detection, I
present a systematic analysis of the influence of antenna orientation on RS
systems and how it directly affects classification performance. For this, I
compared the performance of two classification algorithms based on deep
learning (DL): a long-short-term memory (LSTM) network and a convo-
lutional neural network (CNN). Both models were tested using data col-
lected from experiments with different antenna orientations and activities.
The highest accuracy rates achieved were 92.10% for the implemented algo-
rithms. This represents that the majority of events were correctly identified.
The results obtained contribute to improving the design of the sensing plat-
forms and increase the accuracy to identify fall events. On the other hand,
the same platform was used for the detection of approaching vehicles in a
vehicle-to-vehicle dispersion scenario. In this case, the feasibility of using an
alternative sensing approach where a vehicle receives the signal transmitted
by a second vehicle to characterize the event was verified. Combining this
approach with the DL models, an accuracy of 98.60% detecting vehicles was
achieved with the LSTM and 94.50% with the CNN. The high accuracy
rates demonstrate the potential of Doppler signatures and DL algorithms in
detecting oncoming vehicles.



Chapter

Introduction

Wireless perception refers to the technologies used for objects or people
sensing present in a particular scenario without requiring physical sensors
that have to be installed on each target. Wireless sensing has applications in
indoor environments such as smart homes, hospitals, universities, or industry
4.0. In addition, this technology encompasses outdoor environments such
as smart cities for vehicle detection or traffic monitoring. The traditional
methods with which these wireless perception systems have been developed
are those that collect information from the scenario through video images
[1,2], lasers [3], sonars [4], or sensors embedded in the environment [5].
However, most of these technologies are limited by environmental conditions,
expensive implementation, privacy vulnerabilities, or the low line of sight
(LOS) they have with the target. This has motivated the development of
new wireless sensing technologies that mitigate these practical issues.

Radio sensing (RS) has emerged as a detection alternative that is based
on the analysis of the propagation effects of radio frequency (RF) signals. In
these systems, the RF signals transmitted in the environment are reflected,
refracted, and diffracted when interfered with by the objects present. The
registered changes are characterized to determine the unique patterns of
each movement and thus identify the activity that caused them. The dif-
ferent paths that RF signals take from the moment they are interfered with
until the receiver captures them are known as the multipath effect. This
means that, in environments with low or no LOS due to objects that inhibit
it, RS systems take advantage of the multipath effect to perform the sens-
ing. This is an advantage over other methods such as those based on video
sensors, lasers, or sonars where specific lighting conditions and a constant
direct LOS to the target are required to maintain sensing. Furthermore, by
not requiring the capture of images of the objective, the user’s privacy is
preserved. Finally, the RF signals used by RS systems can be transmitted
through objects such as walls, so they can cover a greater range of environ-
ments without increasing the number of sensors, as is the case with systems
environmental sensing [6].



Parallel to RS, wireless communication technologies have been develop-
ing significantly with limited interaction with each other. However, with
the deployment of 5G networks and beyond, the integration of sensing and
communication applications is a concept that has started to play a very im-
portant role [7]. This is known as Joint RS and Communications (JRSAC).
In the new JRSAC paradigm, the cooperation and coexistence of both tech-
nologies are possible due to their commonalities in terms of signal processing,
devices, and architecture [8,9]. Although there are sensing schemes that con-
sider the transmission of two separate communication and RF signals in the
same system, this represents a greater consumption of hardware resources
and high-performance signal processing. Therefore, the JRSAC paradigm
represents a more viable solution by reusing the hardware of communication
devices and adapting them for sensing purposes.

Due to the characteristics of JRSAC systems, these have the potential to
be implemented in all kinds of environments where at least there is already
simple point-to-point communication between wireless devices, as shown in
Figure 1.1. Some applications are focused on human monitoring or the in-
teraction of smart devices with the environment, as is the case of the vehicle-
to-everything (V2X) scenario. With the almost ubiquitous deployment of
wireless local area networks (WLAN), the development of technologies, such
as JRSAC systems, could represent the beginning of a large-scale sensor
network. However, there are still gaps and limitations in the analysis of
communication signals that can be used for RS. For example, the antenna
orientation used for the transmission of RF signals can affect the sensing
performance, but its influence has not been systematically analyzed. On
the other hand, it is necessary to explore RS systems that simplify the ex-
traction of information on the effects of signal propagation and that use the
most advanced classification techniques. Furthermore, when it is required to
increase the accuracy rate of the systems, information diversification is ac-
complished through the implementation of more hardware consuming more
resources. Finally, another concern is to preserve continuous sensing without
affecting communication performance, especially in scenarios where sensing
interruption can compromise human life.

1.1 Motivation

The variety of applications that wireless perception has are extensive, es-
pecially in indoor environments for recognizing human behavior. Some of
the applications range from human gesture recognition [10,11] to health-
care [12,13]. Most human behavior has been monitored by these systems to
provide more comfortable and interactive living conditions. However, activ-
ity recognition is essential not only to assist in people’s daily lives but also to
record unusual behaviors caused by accidents or medical emergencies. These
events can put people’s lives or quality of life at risk if they are not detected
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Figure 1.1: Overview of the applications of JRSAC systems in smart cities
and smart homes.

promptly and have become a priority for detection systems.

Several schemes have been proposed based on the analysis of the propa-
gation effects of WiFi RF signals. Some of these effects include changes in
amplitude, phase, angle of arrival, or received power. To extract information
on these effects, analysis techniques of the characteristics of the communi-
cation channel have been used, such as the Channel State Information [12]
and the Received Signal Strength Indicator [14]. However, the hardware
suitable for the extraction and digital processing of the CSI is limited to
a few models of access points, such as those shown in [15] and [16]. This
is because, to obtain these parameters, it is necessary to calculate the or-
thogonal frequency division multiplexing (OFDM) of the signal in offline
processing, which is an exhaustive process. Furthermore, for an accurate
calculation of the CSI, measurements have to be made with a high sampling
rate, which can reduce the network performance [17]. On the other hand,
RSST is a complementary parameter to the link quality indicator (LQI) and
provides a measure of signal power. Although the processing required to
extract the RSSI information is less complex, the power is a parameter that
can be attenuated by the lack of LOS with the target or by the interference
of the signal with the objects. This can cause the extracted information
to be complex to characterize by not being able to guarantee homogeneous
measurements when the scenario has a change in its dynamics of static and
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moving objects [18]. Another limitation is that for the extraction of the CSI
and the RSSI, the Access Points (AP) have to work in data transmission
mode for the OFDM calculation, which cannot always be guaranteed [19].
Therefore, alternatives have been explored to simplify the analysis of WiFi
signals for detection applications.

There is another propagation effect of RF signals that has been scarcely
explored in RS JRSAC systems that is caused by the Doppler effect and is
known as the Doppler signature [20,21]. Doppler signatures are frequency
dispersions that transmitted signals undergo when interfered by a moving
body and that increase with more prominent speed. However, it is necessary
to determine if the extraction of its information in a JRSAC system is less
complex than with other techniques. A JRSAC system of this type can have
practical issues in its implementation because the capture of the Doppler
signatures has to be with a high definition that allows one to distinguish
the changes caused by the different accelerations of the objects. This can
be achieved by implementing a capture and analysis system that has a good
trade-off between acquisition time and resolution. Furthermore, it has to be
analyzed if the event detection performance is of high accuracy if Doppler
signatures are used as the main feature in a classification system. Therefore,
there is a whole field of research on the use of Doppler signatures for RS
purposes.

On the other hand, most devices already deployed for indoor environ-
ments WiFi communications were not designed for sensing purposes. This
means that it is necessary to carry out a study of the sensing capabilities
of the systems that seek to integrate into the JRSAC paradigm. One of
the concerns on this topic is the omnidirectional antennas used by most
WiFi AP, whose radiation and polarization patterns can play an important
role. The spatial positioning and orientation of the antennas have not been
addressed in depth and represent a gap in the knowledge of the JRSAC.
Therefore, it is necessary to carry out a systematic analysis of the influence
that the antennas have on the RS.

The use of multiple antennas has also been a technique used to diversify
the information gathered from RF signals. In this case, some of the limi-
tations in the observation angle that the antennas have of the events that
occur in an indoor environment and the scarce data that can be collected
from the real world have been mitigated by implementing more hardware.
However, this has caused RS systems to become more expensive or demand
a higher consumption of computational resources. Therefore, it is necessary
to explore alternatives in the diversification of the information gathered from
the signals using a scheme that does not require increasing the number of
antennas.

JRSAC systems have also been developed in outdoor environments, mainly
in vehicular communication scenarios. Vehicle sensing has aimed to alert
autonomous vehicles, or drivers, of other moving objects approaching their
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position to avoid a potential collision. Based on the precepts of RS, a ve-
hicle with a communication system takes advantage of the variations in the
transmitted signals for sensing tasks. In contrast to indoor environments,
in this scenario, the conditions are changing every time the vehicles move
from one point to another and it is necessary to consider other types of
approaches. For example, in the centralized approach, each vehicle simul-
taneously performs sensing and communication independently. However,
following current vehicular communication standards [22,23], the only way
not to significantly affect the operation of communication systems is to fol-
low the Communication-Centric Design. This is not a trivial process and its
implementation is a topic that is still in development. On the other hand,
implementing an approach using a Joint Design is a subject-matter that has
not been tested experimentally. This is known as a decentralized approach.
In this approach, a vehicle that is receiving an RF signal transmitted by a
second vehicle can take advantage of it for sensing applications. Therefore,
it is of great interest to carry out an experimental demonstration to test the
efficiency of this approach within JRSAC systems for vehicular applications.

The key to the operation of the JRSAC systems lies directly in how to
optimize the use of the information collected through sensing approaches
during an activity or event for its correct identification. As can be seen
in Figure 1.2 with the sensing data captured by the JRSAC system, the
recognition of classes or activities can be carried out through different clas-
sification techniques. Nowadays, Deep Learning (DL) is considered one of
the hot topics in the area of data science due to its capability of learning from
given data [24]. The DL technique is a subset of Machine Learning (ML)
and Artificial Intelligence (AI) that relies on multi-layer artificial neural net-
works to represent data through abstractions and thus build computational
models. Furthermore, DL is the core of Al and plays an important role in
the process of finding meaning in data of a particular sensing problem due
to its intelligent decision-making. On the other hand, distinct from ML,
where the construction of analytical models is sought from a series of char-
acteristics of the given signals, DL can automatically extract the features
directly from the data. The discriminative deep architectures of the DL are
commonly used for classification applications due to their great power to
recognize patterns. Therefore, it is understandable to consider DL models
as a fundamental part of the design and development of JRSAC systems for
indoor and outdoor applications.

1.2 Problem statement

In this dissertation, I present an analysis and proof of concept of two RS
systems based on the JRSAC paradigm: Human Fall Detection and Vehicle
Forward Collision Avoidance. Human fall detection is a highly relevant ap-

plication because falls cause health problems worldwide [25]. Furthermore,
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Figure 1.2: Event classification system using a JRSAC approach and a recog-
nition model based on deep learning.

falls are one of the leading causes of unintentional death in the elderly.
Therefore, it is a priority to present in this work a fall detection system that
addresses some of the gaps in the design and development of these.

Specifically, I focus on the influence of antenna orientation on fall de-
tection performance in a RS system. This analysis has not been performed
before in a JRSAC-based system. It is necessary to determine if the informa-
tion gathered in the RF signals is affected by the positioning of the antennas.
Furthermore, the use and feasibility of Doppler signatures as the principal
feature of the classification models considered in the detection system have
not been proven. For this, it is necessary to demonstrate experimentally
that, based on the analysis of Doppler signatures, a multi-class classification
model can achieve high levels of accuracy. Finally, the information gathered
for fall detection by RS systems has been diversified using multiple antennas
to improve the quality of the extracted features. Therefore, it is necessary
to use alternative techniques, such as signal diversity, to improve the quality
of the extracted features without the need to increase the hardware.

On the other hand, the vehicle forward collision avoidance as well as fall
detection is based on the same precepts of wireless perception. However,
the building and design of these systems must consider changing scenarios
where the transmitting and receiving devices are subjected to high speeds.
Furthermore, beyond the centralized sensing approach, no other has been
verified that matches satisfactorily with the JRSAC principles. Experimen-
tally, the task of demonstrating the operation of a forward collision warning
system from the decentralized approach is challenging. Nevertheless, there
are multiple advantages over the centralized one, particularly in scenarios
where one of the vehicles must remain in transmission mode, inhibiting its
sensing capabilities. Therefore, approaches such as decentralized require
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probing their feasibility empirically.

1.3 General objective

The objective of this dissertation is to establish a methodology that allows
the use of the Doppler signature as a main feature for the classification
of events detected by analyzing the transmitted signal in a joint sensing
and communication scheme using deep learning techniques. As a proof of
concept, the developed methodology is applied in the detection of human
falls as well as in a collision warning system where car approaching events
are detected.

1.3.1 Specific objectives

e Develop an RS platform based on general-purpose measurement equip-
ment that allows capturing event data in indoor and outdoor environ-
ments.

» Present a systematic analysis of the influence of antennas orientation
on the classification performance of fall detection systems.

e Propose a methodology to characterize human fall events based on
the Doppler signatures of RF signals and a multi-class deep learning
framework for their classification.

o Use signal diversity techniques to diversify the information collected
from Doppler signatures in a fall detection system to demonstrate that
implementation of a more significant number of sensors is not required.

o Explore an alternative to automatic forward collision warning that
follows the decentralized approach for vehicular applications.

e Fuse DL models and decentralized approach Continuous Waveform
(CW) RS to evaluate their performance for detecting oncoming vehi-
cles.

1.4 Hypothesis

Wireless perception, based on the analysis of the Doppler signatures reg-
istered in the RF signals, can be exploited to identify and classify several
events of daily life such as human falls or potential forward vehicular colli-
sions. Furthermore, the use of DL models in conjunction with alternative
sensing methods has the potential to be integrated into the new JRSAC
paradigm.
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1.5 Contributions

This dissertation contributes to the state of the art of wireless perception
systems in the empirical demonstration of various methodologies, concepts,
and approaches that impact the accuracy and robustness of event detec-
tion applications. I demonstrated this by implementing a sensing platform
that is not based on the use of specialized measurement equipment whose
adaptation within the new JRSAC paradigm is more complex. The sens-
ing platform is based on the analysis of Doppler signatures, whose principal
features can be extracted using the hardware and processing resources of
consumer electronics such as WiFi AP. Unlike other approaches such as CSI
or RSSI, my proposal does not require off-line processing or working in data
transmission mode since Doppler signatures can be extracted from the pilot
carriers used for channel estimation. Therefore, RS system integration has
low implications for the performance of wireless communication networks.

On the other hand, the hardware and processing used by the platform
can be used for applications in indoor and outdoor environments where sim-
ple point-to-point communication is established. The platform uses probe
signals transmitted in a range of frequencies within the IEEE 802.11 commu-
nication protocols. This allows for the different applications that are based
on this standard to have interoperability in the communication network.
My contributions in indoor environments focused on fall detection using the
WiFi AP. For outdoor environments, efforts were focused on detecting ap-
proaching vehicles that have a communication system that can coexist with
WiFi protocol.

Because the radiation pattern and polarization of the antennas are al-
tered by changing their position, mismatch or misalignment effects can occur
between the transmitter and receiver. These effects alter the quality of the
signals received and can cause a loss of information that reduces the per-
formance of a recognition system. In this dissertation, I theoretically and
empirically analyzed the influence of the spatial orientation of the anten-
nas of a RS system for detecting human falls. The analysis was carried
out systematically to compare the changes in the Doppler signatures un-
der different orientations. The quality of the information extracted from
the different configurations was evaluated through intelligent classification
systems. Furthermore, I presented a comparison between the performance
of different DL-based classification architectures to provide different con-
siderations that have to be taken into account for the design of detection
applications. In fall detection, I evaluated the signal diversity techniques to
increase the accuracy rate in these systems, which had not been reported
in the literature. Finally, I introduced an empirical demonstration of the
decentralized approach for sensing in vehicle scenarios that have not been
shown before and that can be taken as a basis for the development of warn-
ing applications in autonomous vehicles. This demonstration also adopted
the same precepts of the DL used for fall detection.
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1.5.1 Performance evaluation metrics

The performance of the DL algorithms within the RS platform presented in
this work for fall detection and oncoming vehicle detection applications was
evaluated using specific critical tools in machine learning. These tools are
known as performance evaluation metrics, which are a quantitative measure
of how well a classification model fits. To compute them, I based myself on
the information from the confusion matrix. The confusion matrix is a table
that shows the number of correct and incorrect predictions. Furthermore,
this tool provides a detailed view of how well the classes were classified, the
model errors, and the areas where improvement is required. Therefore, my
assessments are based on this analysis.

Specifically, specific metrics can be extracted from the confusion matrix
that helps in the evaluation of the effectiveness of the classification model. In
this work, the metrics of accuracy, precision, recall, and specificity were used.
The accuracy was taken because it tells us how accurate the RS platform
was in general terms. Precision focuses on determining how many of our
predictions were correct. This metric helps us measure the performance
of our platform in specific terms for each class of classified event. It is
necessary to consider precision as falling events and oncoming vehicles will
be evaluated with this metric. Recall measures the model’s ability to identify
the largest number of events relevant to the study. Finally, the specificity
measures the number of false alarms that the classification model generated.

The formulas and a summary of these performance metrics can be consulted
in [20] and [26].

1.6 Structure of the dissertation

The rest of the dissertation has the following organization of the chapters.
Chapter 2 [18] contains a journal paper published in MDPI Sensors, 2021.
In this work, I analyze the classification performance of a fall detection ap-
plication concerning the antennas’ orientation and the associated effects,
such as polarization and radiation patterns. Furthermore, I implemented
a wireless sensing platform based on transmitting an RF probe signal. 1
processed the received signal to extract the Doppler signatures generated
by human movement during a fall and its principal features. In this re-
search, I explored two types of antenna orientation: horizontal and vertical.
Using the information from the Doppler signatures as input to a classifica-
tion algorithm, I compared performance parameters to determine if there
were significant changes between the two orientations. The results showed
that some of the limitations of fall detection systems can be mitigated by
considering the effects produced by the orientations of the antennas.
Chapter 3 [20] contains the second journal article published in the MDPI
International Journal of Environmental Research and Public Health, 2023.
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In this research, I proposed a methodology to monitor human activity in an
indoor environment with a focus on fall detection. For this, I implemented an
RS platform that uses a CW RF probe signal. In this way, it is not required
that people have to wear any kind of sensors adapting to the concepts of
wireless perception. The transmitted pilot carrier has similarities to the
subcarriers transmitted by commercial WiFi systems, as a result, it can be
easily integrated into the JRSAC paradigm. I innovated in this methodology
by not depending on the CSI or RSSI to extract the necessary information for
fall detection, I followed an alternative method based on Doppler signatures.
Although Doppler signatures have been widely used in radar-based detection
applications, they have rarely been studied for JRSAC systems. To evaluate
the performance and accuracy of this methodology, I used and compared
the results of two DL models. The results showed the feasibility of this
methodology to detect human falls with a high accuracy rate.

In Chapter 4, the third journal article is presented. This work was sub-
mitted for possible publication in the IEEE Consumer Electronics Magazine,
2023. My objective with this work was to present a scheme for fall detection
based on analyzing the Doppler signatures in WiFi RF signals using a fre-
quency diversity technique to diversify the collected information. I intend
to demonstrate that the precision in fall detection can be increased without
the need to use more sensors or antennas that diversify the information of
the observed events. I use a frequency diversity technique on a series of
pilot subcarriers that can be transmitted in a single communication frame.
Furthermore, for the characterization of the Doppler signatures that are reg-
istered in each of the subcarriers, I implemented a classification model based
on DL. The evaluation of my results showed that the accuracy rate of an
RS system based on Doppler signatures is increased concerning the results
obtained in the scheme using a single pilot carrier.

Chapter 5 contains the fourth journal article that was submitted for
possible publication in IEEE Intelligent Transportation Systems Magazine,
2023. In this work, I explored an alternative of RS for the detection of
oncoming vehicles based on the decentralized approach. I used a CW trans-
mitted by a second vehicle as a probe signal to detect and classify the vari-
ations corresponding to a vehicle that could provoke a possible collision. 1
contributed to the experimental demonstration of this proposal which had
not been performed before. I determined the feasibility of this approach
by fusing the sensing platform with two DL-based classification algorithms.
The results of these algorithms showed that a high accuracy rate can be
obtained, capable of preventing drivers from a possible forward collision.
Furthermore, I compute the response time that a driver has to maneuver
using this platform, demonstrating that it is enough to make the system a
feasible alternative.

Finally, in Chapter 6 the conclusions of this dissertation and future work
are presented.
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1.7 Additional works

During my Ph.D., two more papers were published in which I collaborated.
Furthermore, these papers are directly related to the central topic of wireless
perception. Therefore, these publications had important contributions and
are briefly discussed below.

The work in [27] is a conference paper published in 2020 and presented at
the IEEE Latin American Communications Conference (LATINCOM) pro-
ceedings and is shown in Appendix A. In this paper, I present a systematic
analysis of the effects of antenna orientation within fall detection systems.
Furthermore, I detail the changes that occur when changing the orientation
of the antennas in terms of the radiation pattern and polarization. 1 show
how the power received by the antennas decreases or increases depending on
the orientation as well as the features that can be extracted from the signals.
Therefore, I give an approach to the readers of the importance of having a
correct configuration of the fall detection platforms so as not to affect the
classification algorithms in the posterior stages.

The work in [28] corresponds to a journal article published in IEEE Ac-
cess in 2022 and is shown in Appendix B. In this article, the implementation
of a sensing platform for narrowband frequency-dispersive vehicle-to-vehicle
channels was described. The results of the work demonstrated that the
platform was able to characterize and identify the relevant road safety sce-
nario Doppler signatures. One of the events could be characterized was
the vehicles approaching from the opposite direction that had the potential
to cause a collision. Finally, the empirical statistics of the instantaneous
mean Doppler shifts and the Doppler spread for three different propagation
scenarios were analyzed.
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Chapter

Theoretical framework

In this dissertation, I will guide the research by presenting the concepts,
techniques, and approaches that will provide a solid understanding of wire-
less perception. The present theoretical framework focuses on people and
vehicle sensing in indoor and outdoor environments, respectively, via the JR-
SAC paradigm. These applications share characteristics in their hardware
and signal processing components that are used for specific recognition of
certain events [9]. Therefore, I designed a methodology to delve into three
fundamental stages: the RS of movements, pre-processing of the signals, and
pattern recognition for classification.

An overview of the methodology used is shown in Figure 2.1. Regard-
less of the scenario where the wireless perception platform is implemented,
monitoring of human or vehicle activities will be carried out using RS tech-
niques. With this platform, the information gathered in the RF signals will
be collected through a transmitter module (7)) and a receiver module (R,)
to form a system with characteristics similar to those of the JRSAC. The
collected data set will go through a pre-processing stage to reduce some of
the practical issues during the transmission and reception of signals. Fi-
nally, I relied on the design of DL models for the data characterization and
classification according to the specific application.

2.1 Doppler effect observed in the RS of move-
ment objects

Doppler analysis was originally used in laser radar systems to measure
changes in amplitude, frequency, phase, or polarization of signals when they
were reflected by objects. In these systems, the phase of the signal is sen-
sitive to the variations caused when the signal is returned by an object.
Furthermore, the maximum Doppler frequency is determined by

max{fD} = /2\va1)7 (21)
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Figure 2.1: Principal RS applications and the overview of the implemented
methodology.

where f, is the frequency dispersion, D, is the amplitude of that dispersion
and A is the wavelength. As a result of this equality, if the frequency of
the wave is high, a phase change occurs even when f, and D, are very low.
Therefore, Doppler shifts can be easily detected.

These principles can be applied in RS systems, where the Doppler effect
affects the frequency band of an RF signal. In these systems, Doppler shifts
are known as Doppler signatures because it is a term commonly used to refer
to the appearance of a particular pattern. The Doppler signatures generated
by the reflection of the signal with a moving object can be characterized and
classified to form a detection system. For this, a non-stationary analysis of
the signals can be used. For example, for a real value signal s(t), it is
associated with a complex value z(t) and is defined by

2(t) = s(t) + 7 H{s(t)} = a(t)explp(1)], (2.2)

where H is the Hilbert transform of the signal given by

H{s(t)} = = I ) g (2.3)

Tt —T

z(t) is the analytical signal associated with s(t), a(t) is the amplitude of the
function, and ¢(t) is the phase function. The instantaneous frequency of the
signal z(t) can be calculated using the Fourier transform resulting in

£(1) = 5 selt), 2.4
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it is the derivative time of the uniquely defined phase function (¢). This
allows us to describe the instantaneous frequency of the signal and analyze
its behavior. However, when the spectral composition of the signal varies
in time, conventional Fourier Transform (FT) methods cannot provide a
time-dependent spectral description. Therefore, I have chosen to use other
methods that provide a better representation of the Doppler signatures.

Spectrogram is a method that has been widely used to analyze non-
stationary and time-varying RF signals. Furthermore, the spectrogram gen-
erates a graphical representation of the spectral changes over time of the RF
signal. To calculate the spectrogram, it is required to use the Short-Time
Fourier transform (STFT) of the signal, such that

Spectrogram(t, f) = |STFT(t, f)|?, (2.5)

where the STFT calculates the Fourier transform in a short time window and
is represented by the squared magnitude. Because the window size can vary,
the resolution of the spectrogram will be compromised between the trade-off
between sampling time and frequency span. Furthermore, the spectrogram
is less affected by cross-product interference, unlike other transformations,
such as the Wigner-Ville distribution [29].

2.2 Spectrum analysis

The platform design is adapted for the transmission and reception of RF
signals through the use of general-purpose measurement equipment. Con-
siderations in selecting this equipment were being able to transmit a CW
RF probe signal and capture the Doppler signatures produced by the mo-
tion. Furthermore, the collection of signals must allow the calculation of
spectrograms for subsequent analysis. In this case, we select a radio fre-
quency generator for the RF module capable of transmitting in the range of
IEEE 802.11 g, n, communication protocols that cover up to 2.5 GHz. This
is because these protocols constitute one of the most common technologies
available, and by considering a multi-carrier scheme, they allow different
problems to be addressed.

On the other hand, a spectrum analyzer was used to receive the signals
since these instruments are frequently used to perform radio communica-
tions measurements. Furthermore, spectrum analyzers can provide values
of average noise, frequency range, and power, among others. To perform
these tasks, the frequency spectrum of an input signal must be calculated in
the time domain. As has already been explained, conventional TF methods
can provide a spectral description of the signals but, in practice, require us-
ing optimized algorithms to reduce the number of operations. A spectrum
analyzer uses the Fast Fourier Transform (FFT) in its configuration which
is shown in Figure 2.2. This is because, with this operation, no phase or
magnitude information is lost, allowing complex spectra to be analyzed. To
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Figure 2.2: Block diagram of a spectrum analyzer and its configuration.

calculate the FFT, the analog signal passes through an A/D converter, and
the values are saved in memory. These values are used to calculate the new
signal in the frequency domain, and it is subsequently displayed.

Due to bandwidth limitations of A/D converters, analyzers can only
perform low-frequency measurements. This is a drawback for RS platforms
seeking to integrate into wireless communication systems that operate in
high-frequency ranges. To mitigate this problem the signal has to be decom-
posed into its individual components through the heterodyne receiver princi-
ple. The heterodyne receiver converts the input signal into an intermediate
frequency (IF) with the help of a mixer and a local oscillator. If the oscillator
is adjustable, a constant IF can be obtained [30]. Subsequently, the signal is
amplified and filtered by two additional blocks. The filter bandwidth used
will determine the bandwidth resolution of the analyzer. However, to min-
imize IF power and local oscillator re-radiation at the RF input a low pass
filter is needed at the beginning.

Once the internal workings of this measuring instrument are known, some
of the configurations can be analyzed to avoid measurement errors caused by
the use of digital or analog filters. The sweep time, for example, is limited
by the operating time of the IF filters and the video filtering. The minimum
sweep time is given by

Af
B
where f is the span, B is the bandwidth resolution and £ is a proportion-
ality factor that depends on the type of filter. Notably, there is a linear
relationship between bandwidth resolution and sweep time. Reducing the
bandwidth will result in a longer sweep time. Therefore, this configuration
will be decisive in the design of the RS platform because events such as falls
require a low sweep time.

Tsweep = k (2.6)
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Finally, another characteristic that must be considered by spectrum an-
alyzers to improve their performance is inherent noise. Inherent noise is the
thermal noise generated by the analyzer, and the sensitivity with which it
can operate depends on its reduction. The total noise factor can be reduced
with the use of attenuators at the input and the total noise factor will de-
pend on it. Therefore, it is important to set the gain of this component to
ensure that noise does not affect the analysis of the signals.

2.3 Doppler signature sampling

The platform experiments for collecting data containing Doppler Signature
information were carried out following two different methodologies. In the
fall detection application, a selection of participants was carried out using
purposive sampling. I focused on middle-aged individuals in good physical
condition. Furthermore, I aimed to have diversity among the participants
that would guarantee the representativeness of the results. The experimen-
tal protocol and the informed consent letter used for the experiments are
presented in Appendix C. Finally, the vehicle detection application proto-
col only requires one car trip and constant signal sampling. Details of this
protocol are found in Chapter 6.

2.4 Pre-processing

The pre-processing of the signals acquired during the experimental protocol
of the RS platform for the wireless perception of events is necessary to con-
dition and improve the quality of the information gathered in the Doppler
signatures. At this stage, several techniques and operations can be applied
to address particular signal aspects to eliminate or improve its components.
This depends on whether a contribution from them is required. In this work,
we focus on applying filtering based on thresholding certain signal levels to
eliminate the contributions of inherent noise. For this process, Equation
2.1 was used to calculate the maximum Doppler of each activity or event
recorded by the platform and determine the threshold that eliminates most
of the noise without affecting the Doppler signatures. Details about this pro-
cess are shown in Chapter 5. Furthermore, a segmentation stage was applied
where the signal information was divided into segments containing only the
events of interest. This stage depends on the application but was carried
out using video recording and positioning equipment to have a time stamp
and know the samples where the events were recorded. Finally, through a
manual process, outliers caused by measurement equipment errors that are
not representative of the signal were removed.
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2.5 Pattern recognition

In the last part of the methodology, Artificial Neural Network (ANN) was
used as the central component of data processing to extract the principal
patterns and develop an intelligent system that can recognize them. In this
way, for the main applications of RS, an event detection or warning sys-
tem is obtained. A set of data is entered into these networks for training.
This means that the network will learn from the data gathered. The data is
learned automatically as it propagates through the network, passing through
different layers where operations are applied to extract or preserve its most
relevant features. In the next stage, the difference between the output pro-
duced and the input is calculated to evaluate the network performance. This
error is taken to provide feedback to the network, where it is decreased us-
ing optimization algorithms. The entire process becomes iterative until the
network manages to retain or learn the data with a given minimum error.
The learning has a hierarchical representation of the principal patterns that
originated with the data, so predominant values extraction is obtained au-
tomatically. Finally, the network is tested using a new data set to validate
its performance. To ensure that the system’s accuracy is high, neural net-
works require large data sets. Therefore, the applications presented in this
work seek to gather and provide an adequate database for this type of al-
gorithms. Details and considerations in the implementation of these models
are presented in the next sections.
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Chapter

Influence of the Antenna Orientation
on WikFi-Based Fall Detection Systems

The growing elderly population living independently demands remote sys-
tems for health monitoring. Falls are considered recurring fatal events and
therefore have become a global health problem. Fall detection systems based
on WiFi radio frequency signals still have limitations due to the difficulty
of differentiating the features of a fall from other similar activities. Ad-
ditionally, the antenna orientation has not been taking into account as an
influencing factor of classification performance. Therefore, we present in
this chapter an analysis of the classification performance in relation to the
antenna orientation and the effects related to polarization and radiation
pattern. Furthermore, the implementation of a device-free fall detection
platform to collect empirical data on falls is shown. The platform measures
the Doppler spectrum of a probe signal to extract the Doppler signatures
generated by human movement and whose features can be used to identify
falling events. The system explores two antenna polarization: horizontal
and vertical. The accuracy reached by horizontal polarization is 92% with a
false negative rate of 8%. Vertical polarization achieved 50% accuracy and
false negatives rate.

3.1 Introduction

Improvement on quality of life has resulted in an increment on life ex-
pectancy. In 2019, the population over 65 years had a 3% growth compared
to 1990. Projected population expansion indicates that elderly people will
represent 16% of the world population by 2050 [31]. Much of this sector of
society tend to live independently. For this reason, it is necessary to pro-

This chapter forms part of the paper titled “Influence of the Antenna Orientation
on WiFi-Based Fall Detection Systems” published in MDPI, Sensors. The authors gave
their consent to use their work as an integral part of this dissertation.
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vide systems for remote healthcare and monitoring. Several systems have
been developed for this purpose using well-established sensing techniques,
such as acoustic sensors, video cameras, vibration sensors, and wearable de-
vices [4,5,32-34]. However, an innovative technique has emerged in the last
years: device-free monitoring based on radio-frequency (RF) signals. An
RF signal shows fluctuations at the receiver due to absorption and reflec-
tions by moving persons wondering in the proximities of the transmitting
and receiving antennas [35,36]. These fluctuations can be characterized to
identify Activities of Daily Living (ADL) or to detect important sporadic
events, such as the presence of burglars or the occurrence of accidents. RF
monitoring systems are noninvasive because users do not need to carry a
sensor and they also preserve user privacy since no image is recorded.

According to the World Health Organization, 37.3 million elderly people
require medical attention each year for injuries caused by falls [25]. In con-
trast to ADL, like walking, running, or going up and downstairs, falls are rare
or transient events. This implies that the detection of these events should be
approached from a different perspective, seeking to provide prompt medical
attention when a fall occurs.

In device-free monitoring, the presence of WiFi access points (AP) in in-
door environments has been used to collect and classify RF signals [37,38].
Despite recent advances in the design of WiFi-based fall detection systems,
most of the work has focused on developing algorithms for feature extraction
and classification. Previous research has not addressed the impact of some
important physical layer factors on the system’s sensing capabilities, such as
the variations of the antenna response with spatial orientation. These varia-
tions stem from the angular dependence of the antenna’s radiation pattern,
and also from the polarization mismatch between the Transmitter (T’x) and
the Receiver (Ryx) due to channel depolarization effects [39]. To the best of
the authors knowledge, a detailed investigation of the impact of the radiation
pattern’s anisotropy and antenna polarization mismatch on the performance
of WiFi-based fall detection systems has not been conducted so far. However,
in [40], Wang et. al analyzed the influence of antenna height on the system’s
performance, and they concluded that the detection rate improves by rais-
ing the antenna height. In [21], a fall detection system was presented taking
into consideration the polarization of the received signal. Nonetheless, the
system was developed using Doppler radars, and the results presented there
cannot be extrapolated directly to WiFi-based systems. A preliminary anal-
ysis of the effects of antenna orientation in the performance of fall detection
system built around the Doppler signatures of WiFi signals was presented
in [27]. There, it was empirically demonstrated that fall detection platforms
are highly sensitive to antenna orientation. However, the analysis presented
in [27] needs to be revisited by considering a complete implementation of
feature extraction and classification algorithms to determine the accuracy
of the system.
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This chapter presents a systematic analysis of the effects of the antenna
orientation in a fall detection system based on the Doppler signatures of
WiFi signals. The results of this work are intended to help researchers to
determine the best antenna orientation, and to promote the design multi-
polarized antennas that improve the system’s sensing capabilities without
increasing the number of sensors (antennas) or the classification algorithms’
complexity. To assess these effects, an experimental fall detection platform
is presented that replicates the operating conditions of a system based on the
transmission of WiFi-signals. This experimental platform allows to compute
the Doppler signatures of the transmitted signal so that the features of the
signal’s variations in presence of human movements can be identified and
classified. A series of experiments were conducted to gather empirical data
about the Doppler signatures produced by falls from a three-step ladder.
The experiments comprised two different antenna orientation configurations:
Horizontal-to-Horizontal (HH) and Vertical-to-Vertical (VV). The detection
accuracy obtained for the HH configuration amounts to a 92% with a false
negative rate of 8%. The VV configuration produced a 50% accuracy and
a 50% false negatives rate. The obtained results provide evidence of the
importance of considering the effects of antenna orientation for the design
of WiFi-based fall detection systems.

The remainder of the chapter has the following organization. Section
3.2 provides a review of related work. Section 3.3 details the mains compo-
nents of a WiFi-based fall detection system. The mathematical model of the
probe signal is presented in Section 3.4. In Section 3.5 the implementation
of our experimental platform is described. Section 3.6 addresses the feature
extraction and event classification algorithms. The results obtained are pre-
sented in Section 3.7. In Section 3.8 the results are discussed. Finally, the
conclusions are given in Section 3.9.

3.2 Related work

There are different sensing techniques that can be used to design and de-
velop fall detection systems. Table 3.1 shows an overview of some of the
most common techniques and their characteristics. Vision-based systems
comprise principally digital image processing [32]. The optimization of this
processing can be affected by the resolution of the images that are collected
by the video recording equipment. This implies that the use of high res-
olution equipment is necessary, which can be expensive. Furthermore, the
feature extraction process is essential for vision-based fall detection systems.
First, a simple model of a human body needs to be obtained, encompassing
only head, torso and legs. However, partial occlusion of a user affects the
construction of such model. Additionally, camera projection artifacts must
be considered to avoid a misdetection. Then a description of movement of
this human body model is used for analysis. Feature analysis can be static
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Table 3.1: Approaches to fall detection systems

Technique Article & Year Characteristics
J. Zhang [32](2020) Needs to have a direct
Vision-Based line of sight with the

K.I. Withanage [44] (2016) target, privacy concerns.

J. Hauth [33] (2021) The device has to be
Wearable-Based ~ N. Zurbuchen [43] (2021)  wear by the user at all
O. Kerdjidj [45](2020) times.

Ervironment. C. Liu [5] (2019) Requir(? specialized and
Based expensive
J. Mun [4] (2015) implementation.
Radio Y. Wang [40] (2017) Provides data without
Frequency- M. Huang [37] (2019) the need to wear a
Based W. Wang [38](2017) device, it can be adapted

to existing hardware.

or dynamic. In the static analysis, a morphological model of the behavior
of the fall is made [41]. In the case of dynamic analysis, the movement
change determines the presence of abnormal events in the general move-
ments. This analysis allows to identify the speed and direction of movement
of the human body. In this way, the trajectories can be used to detect the
behavior of a fall. Occlusions in the target’s vision also make this process
difficult, making necessary to implement complex classification algorithms.
Therefore, vision-based systems present drawbacks such as highly complex
analysis algorithms, which require high performance computer system and
a line of sight (LOS) to user compromising their privacy.

Wearable devices use accelerometers, gyroscopes, magnetometers and tilt
sensors embedded in general-purpose devices that can be carried by people.
These sensors operate at different frequencies, which can vary the sampling
rate of the system. For this reason, it is necessary to determine the rate
at which the falling event can be registered and select the sensor that best
suits these conditions. However, the placement of the sensor on the human
body directly affects the detection performance of the system [33,42,43].
Furthermore, wearable sensors can produce discomfort for users that are
not used to wear such devices.

On the other hand, environment-based systems use sensors embedded in
the indoor surroundings. These sensors can be acoustic, where the transmis-
sion of sound waves is affected by changes in trajectory caused by obstacles
in the environment [4]. In this way, changes in the trajectory are recorded
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and characterized to determine if a fall occurred. However, due to the na-
ture of sound waves, the transmission can be degraded by the multi-path
effect. Therefore, monitoring more than one indoor environment requires
the implementation of a large number of sensors. The measurement of floor
vibration signals through sensors such as accelerometers or piezoelectrics is
another alternative for environment-based systems. Sensors mounted on the
floor structure collect the variations in vibration induced by the movement
of the human body to classify them. However, environment-based systems
tend to be expensive due to their exhaustive implementation and the large
number of sensors employed.

An alternative to all these approaches are systems based on radio fre-
quency signals. Some proposals for the design of fall detection systems are
based on Doppler radars to measure and analyze changes in signals caused
by human movement. [21]. However, the cost and complexity of such spe-
cialized equipment make the deployment of these monitoring systems an
expensive solution. Other proposals capitalize on the ubiquity of wireless
local area networks [38,46,47]. The idea underlying these fall detection sys-
tems is to employ the signals transmitted by commercial WiFi AP as probe
signals to scan the environment and detect anomalies in the received power
that could be produced by a fall event. The attributes of the received sig-
nal that can be considered for anomaly detection are the Received Signal
Strength Indicator (RSSI) [36], the Channel State Information (CSI) [37,40],
and the Doppler spectral signatures [14].

A RF monitoring system based on the RSSI of WiFi signals was presented
in [36]. This system analyzes the received signal to identify irregularities in
the RSSI that could be produced by human movement. A limitation of
this approach is that the system’s performance is sensible to changes in the
environment’s characteristics. A fall detection system that considers the CSI
of WiF1i signals, and which is referred to as WiFall, was presented in [40].
In its simplest form (WiFall-one link), the system is composed of a single
transmitting antenna and a single receiving antenna. The results presented
in [40] show that WiFall-one link is capable of detecting falls, but with a
rather high false alarm rate 16%. This problem is caused by the limited
angle of observation of the single antenna configuration [48]. To reduce
the false alarm rate, the authors proposed an enhanced version (WiFall-two
links) that incorporates a second receiving antenna as a means to reduce
ambiguities due to the angle of observation. A similar system, referred to as
Fall Sense, was presented in [37]. The CSI is also considered in that paper as
the detection parameter, but a third receiving antenna was incorporated to
increase detection accuracy and further reduce the percentage of false alarms.
Nevertheless, increasing the number of antennas adds complexity to the
overall detection system. A proof-of-concept of a device-free fall detection
system based on the Doppler signatures of WiFi signals was presented in [14].
The results obtained in that paper suggest that such spectral signatures
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Figure 3.1: General diagram of a fall detection system based on RF signals.

allow differentiation between activities and falling events.

3.3 General structure of a WiFi-based fall
detection system

Fall detection by RF monitoring comprises three phases: sensing, recogni-
tion, and decision. Figure 3.1 shows a block diagram of these three stages
for a system based on the Doppler signatures of WiFi signals. In the sensing
phase, a probe signal is radiated by the transmitting antenna. This signal is
not intended to carry data, it is simply a means to interact—by the mecha-
nism of electromagnetic wave reflection—with the objects in the vicinity of
the receiving antenna. If the probe signal impinges on a moving body, e.g.,
a falling person, then the reflected signal will suffer an apparent frequency
shift due to the Doppler effect [14]. This frequency shift depends on the
speed and acceleration of the moving/falling body and it therefore produces
a spectral (Doppler) signature whose features can be used to detect a fall
event. The Doppler signature of the received probe signal can be computed,
e.g., by following the spectrogram concept [49]. Spectrograms provide infor-
mation about the spectral density of a signal within a short observation time
interval. In fall detection, the signals are time-varying and non-stationary.
Therefore, spectrograms are excellent tools to analyze such signals.

Figure 3.2 shows an example of an empirical spectrogram of a CW probe
signal during a fall event. This figure shows static scenarios within the first
4.5 seconds and the last 3 seconds where no human movement is observed.
The power density of the received signal is therefore concentrated in the
origin. On the other hand, a fall occurs during a time interval spanning
4.5 to 7 seconds. The acceleration of the falling body produces a frequency
drift of received power. Such a frequency drift can be analyzed to identify
characteristic patterns of fall events. The example shown in Figure 3.2 con-
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Figure 3.2: Spectrogram during a falling event.

siders motion of a single body. This scenario is relevant for fall detection of
elderly people living independently, as these individuals have no one around
and therefore rely on an automatic wireless monitoring system to get assis-
tance in case of a fall. The single-person scenario shown in Fig. 3.2 may not
be relevant for ADL applications, in which several persons, each producing
a different Doppler signature, could be around the receiving antenna. For
these latter applications, the goal of the system is to isolate and identify the
activities realized by each person.

Classification stage is performed after acquiring a spectrogram. In this
stage, the signals are classified based on the information extracted from their
features. The feature extraction is based on finding the dataset that allows
quantitatively differentiating if the signals correspond to a falling event or
other activity. A dimensionality-reduction technique widely used for fea-
ture extraction is Principal Component Analysis (PCA). Spectrograms are
high-dimensional data that can be further explored into a lower dimensional
space that retains most of the information. Therefore, PCA is applied to
the acquired spectrogram. The extracted principal components can be used
by classification algorithms as features to recognize falling events. However,
the number of techniques and approaches that can be used for data analysis
at this stage is very extensive. The feature selection in RF-WiFi signals and
the techniques used for the training phases must be balanced to the needs of
the detection system. In [46], Di Domenico et. al. explore different training
approaches for motion sensing platforms based on RF signals and Doppler
spectrum. Furthermore, they show that it is necessary to establish the nec-
essary trade-offs in terms of performance, time-consuming, complexity, and
the number of features in these applications. A fall detection platform im-
plemented in [50] shows the performance of different classification algorithms
using six features extracted of the instantaneous Doppler frequency of a RF
signal. Detection accuracy was increased by implementing different classi-
fication algorithms such as ANN, K-nearest neighbors (KNN), Quadratic
Support Vector Machine (QSVM), or ensemble bagged tree. Fall detection
systems have been proposed that implement novel classification algorithms,
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e.g., adversarial data argumentation [51], recurrent neural networks [52],
among others, which positively impact accuracy rates. However, this area
has been under intensive research, while the sensing has been vaguely ex-
plored. This is in spite of the fact that the quality of the signal features are
directly related to the sensing capabilities of the platform.

Finally, the decision stage comprises decision algorithms aimed at issu-
ing alerts when falls occur. This stage processes the data in real-time to
determine when a fall is detected. In this way, the user will receive medical
attention as soon as possible. The emergency alert is part of the final system
process and therefore represents a device-level implementation. Therefore,
the decision stage is outside the scope of this work and remains as future
work.

3.4 Signal model

The influence of the antenna orientation on the sensing and feature extrac-
tion stages of a WiFi-based fall detection system is analyzed in this chapter
by considering the transmission of a CW probe signal in an indoor environ-
ment. This signal could be one of the pilot signals defined within the WiFi
physical protocol data unit [53], or a specific purpose signal transmitted by
the AP when there is not an active communication session with a user node.
We assume the probe signal is received by another WiFi device that acts as
the system’s sensor and which is located in a different position than the AP.
Also, we assume the received probe signal comprises a LOS component and a
non-line-of-sight (NLOS) component due to single reflections from K static
objects (e.g., walls and furniture) and a moving object (falling person), as
illustrated by Fig. 3.3.

The received signal can be written in the complex base-band equivalent
as:

y(t) = no(t) + tos + v + (1), (3.1)

In this equation, n,(t) € C is additive white Gaussian noise with power
density o?; C stands for the set of complex-valued numbers. The LOS
component of y(t) is a time-invariant signal modeled by

Yios = E (?70) V <_ﬁ0) Xlosgoe_jeoa (32)

where FE (i;) € R{ is the transmitting antenna’s radiation pattern evalu-
ated in the direction of the unit vector, uy, that points toward the Rx from
the position of the T; the symbol R stands for the set of non-negative
real numbers. In turn, V (=) € Ry is the vector effective length of the
receiving antenna evaluated in the direction from the Rx to the Tx. Sig-
nal attenuation due to path loss is modeled by gy € Ry, and 6y = 2w Dy/\
is a phase shift that depends on the signal’s wavelength A and the dis-
tance Dy between the Tx and the Rx. The absolute value of X, € C
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Figure 3.3: Schematic propagation of an RF signal in a real test scenario.

is the Polarization Loss Factor (PLF), which characterizes the polarization
mismatch between the transmitting and receiving antennas. We note that
| X1os| < 1, and | Xjos] = 1 if the antennas are co-polarized, whereas | Xjo5| = 0
if they are cross-polarized.

The NLOS component of y(t) due to single reflections from the K static
objects is characterized as a time-invariant signal

Ui = ZE< D)V () X e il (33)

where ﬁ,gs) and 17,(:) are unit vectors that point toward the kth static re-

flector from the position of the Tx and the Ry, respectively. The scalar
variable g,(f) € RJ accounts for the combined effects of path loss and signal
attenuation due to the interaction with the k;, reflector. Likewise, ¢§€s) ac-
counts for the phase shift that results from such an interaction. The phasor
g,(:) exp{ jqbgf)} can therefore be described as a weighted version (weighted
by the path loss) of the reflection coefficient that characterizes the reﬂection
of electromagnetic waves from lossy dielectrics [54]. The phase 9 ) is given
as 0, ) — 27D 8)/)\ where D ) is the total length of the path among the Ty,
the ky, reflector, and the Rx. The absolute value of X (los € C also charac-
terizes the PLF between T'x and Rx. However, the difference between Xl(ﬂos)
and X is that the former incorporates effects of depolarization caused by
the reflection from the ky, static object [39]. In turn, the NLOS component
of y(t) stemming from the reflection off the falling person is modeled by

ied(t) = B () v (507) g el g

Except for the time-varying phase ¢(™(t), the variables on the right-hand
side of (3.4) are defined as their counterparts with the (s) superscript but
considering the moving (falling) person as the reflector. The phase ™ (t)
is given as ™ (t) = 21 [ vy(z) dz, where v4(t) is the total time-varying
Doppler frequency shift caused by the velocity of the person during a fall [55].
Assuming that the person falls with a constant acceleration, ¢(™ () can be
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characterized as a quadratic phase ¢ (t) = 27 [Vt + D,t%/2], where v is the
Doppler frequency shift produced by the initial speed of the falling person,
and 7, is a frequency drift having units of hertz per second. Thereby, the
total Doppler shift can be written as

va(t) = vy + va(t) (3.5)

with v,(t) = 7,t accounting for the component of the time-varying Doppler
shift due to acceleration [56].
The spectrogram of the received probe signal is given as

S(thv) =Y (t5v)f (3.6)

where ' is an arbitrary observation time, Y (t';v) = [0 y(t)w(t—t')e 7> dt
is the STFT of y(t), and w(t) is an even and positive windowing function of
unit energy [49]. For the signal defined by (3.1)—(3.4), we have

Y (t;v) = N,(tv) + AW v) + Yl (¢ v) (3.7)

nlos

where W (t';v), Yn(&)(t'; v), and N, (t';v) are the STFT of w(t), yﬁﬁi(t), and
the noise signal, respectively, whereas A®) = yo5 + yl(j())s In this chapter,
we consider a Gaussian window function w(t) = (/7o) V2e /(270 with
spread parameter o [56], due to its good frequency resolution and reduced
spectral leakage. This window results in wide peaks and low sidelobes, which
allows a better frequency resolution. The Gaussian window is widely used
in applications of time-frequency analysis. For a Gaussian pulse window, it

can be shown (see [56]) that

W () = 20,/ o)’ (38)

Ve = A7 e (g
Ti0y\/ 20
where 07 = [1 — j27020,]/(270,)?, and
A = B (@) v (5m) X g, (3.10)
By substituting (3.7) into (3.6), we find
St v) = Su(t';v) + |AG 28, (¢ v) + S;m) (t;v)+ C(tv). (3.11)

In this equation,

S,(t';v) = [N, (t';v)]? (3.12)
St v) = [W(t';v))? = 20, /me 2oV (3.13)
2
9 Alm) ’ [v—vq(t")?
Sty = [V )| = i’ e 27 3.14
it v) = [V (8 v)] Vo (3.14)
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for v2 = [14(270270,)?]/[2(270,)?], and C(t'; v) is a complex-valued function
accounting for the cross-products among N, (t';v), AW (¢';v), Yn(loms)(t’; V)

and their corresponding complex conjugates [56].

Equation (3.11) shows that the spectrogram of the received signal is
composed of two Gaussian pulses plus a noise term and artifacts result-
ing from the cross-products of the C(#';v) function. The Gaussian pulse
|A®|28,(t';v) is an origin-centered pulse whose amplitude is scaled by the

combination of y,s(t) and yfjgs(t). The second Gaussian pulse, Szgm)(t’ V)

is centered at the Doppler frequency v4(t) and it amplitude depends on the
antenna characteristics involved in the definition of A™) (see(3.10)).

The combined spectrogram of the LOS and static-reflectors NLOS sig-
nals does not contribute meaningful information for fall detection. This
is because such signals remain unchanged during a fall event as they are
not influenced by the Doppler effect. All the relevant information about
the direction and speed of the fall is embedded in the spectrogram of the
moving-reflector NLOS signal through the dependence of Sg(/m) (t;v) on the
time-varying Doppler shift v,(t). However, a proper detection of S{™ (t';v)
depends not only on a good match between the polarization of both an-
tennas, but also on a good alignment between the radiation pattern of the
transmitting antenna and the vector effective length of the receiving antenna.
The alignment of the radiation pattern and polarization during transmission
depends on the antenna orientation, as illustrated in Fig. 3.4. By changing
the position of T'x and Ry, mismatches occur and change the effective ra-
diation zones where the signal arrives [57,58]. Misalignments that decrease
S?Sm) (t; v) strength can be mitigated by varying the orientation of the an-
tennas and analyzing changes in the spectrogram of the received signal.

From an analytical perspective, it is a complex process to analytically
compute the optimal antenna placement and orientation that maximize the

value of ‘A(m) ‘2 for any given indoor environment. However, the performance
of the antennas can be measured and compared empirically to find the opti-
mum zone of radiation with which it will be possible to receive high-quality
features for fall detection. We implemented a fall detection platform that
considers two experimental scenarios: one with a VV antenna orientation
(Fig. 3.4a) and another with an HH orientation (Fig. 3.4b). The platform
will capture a series of falls and then extract the Doppler signatures from
the RF signals to classify them through machine learning-based classifica-
tion algorithms. Misalignment effects will be measured by comparing the
precision values obtained to determine the orientation that best mitigates
variability in polarization and radiation patterns. Therefore, using a sys-
tematic analysis of Doppler signatures captured by a radio-sensing system,
the influence of antennas on performance in classification algorithms for a
fall detection application can be determined.
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Figure 3.4: Radiation pattern and polarization of antennas configuration in
both scenarios.

3.5 System design

3.5.1 Hardware setup

The T'x module of our experimental platform comprises a RF signal genera-
tor connected to a monopole antenna whose radiation pattern is omnidirec-
tional in any plane perpendicular to the monopole’s axis. The Ry module is
composed of a monopole antenna connected to a spectrum analyzer. Both
antennas were empirically characterized to ensure a proper coupling with the
measurement equipment. The results are shown in Table 3.2. The antennas
obtained the best parameters at a frequency of 2.42 GHz using an RG-58
coaxial cable. This operating frequency is within the range of commercial
WiFi systems (IEEE 802.11b). Our T'x module emits a pure tone with this
frequency. In our case, we used a Keysight N9310A RF generator with a
transmission power of 20 dBm. The transmitted probe signal is received by
a second monopole antenna with the same characteristics. Afterward, the
signal is processed by a spectrum analyzer. We use a spectrum analyzer
FieldFox N9912A. This analyzer allows us to capture a series of snapshots
of the signal. Thereby, it is possible to record the Doppler signatures of the
probe signal caused by fall event. The configuration used for the capture is
shown in Table 3.3. This configuration allows a balanced trade-off between
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Table 3.2: Transmission parameters in antennas

Parameter Value
Frequency 2.42 GHz

Return losses 32.4 dB
Impedance 50 + 50.70

Voltage standing wave ratio  1.042

Table 3.3: Spectrum analyzer configuration

Parameter Value

Central frequency 2.42 GHz
Sweep time 271ms
Sample points 1001
Frequency span 1 kHz

Sm

LOS path T

Figure 3.5: Schematic of the test scenario.

the signal resolution and the sweep time.

The experiments with falls were conducted in an indoor environment
with fixed furniture. Figure 3.5 shows the position of the transmitting and
receiving modules during the experiments. The Tx module is installed in
the top right corner and the receiver in the top left corner of the room 5m
apart from each other. Both antennas are located at a height of 2m and
maintain an unobstructed LOS. This indoor environment corresponds to an
office room and has a ladder in the center of the room where falling are per-
formed (Figure 3.6). The platform allows changing the antenna orientation
according to test VV and HH settings.
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Figure 3.6: Indoor environment for the test experimentation.

3.5.2 Experimental protocol

Our experimentation protocol seeks to replicate the typical conditions of
indoor environments that independent elderly people face daily. To that
end, it is necessary to consider that the experiments have to be developed
in the presence of a single individual in the environment and surroundings.
Furthermore, the inclusion of other activities in the protocol such as running,
jumping, or waving the arms is beyond the scope of the work. On the
other hand, the activities carried out daily such as crouching down, raising
the arms, or getting dressed do not produce an acceleration of the body
compared to that of a fall. Then, our protocol focuses on the static and
falling state of the participants.

The empirical data were collected for a group of people falling from
different heights in the VV and HH scenario. The participant’s age range
from 23 to 48 years old. This represents a general demographic sample
of middle-aged people who have different physical conditions to perform
falling movements or other activities relevant to the study. The selection
was conducted based on a random process to reduce biases and increase the
possibility that the results are applied to the general population of older
adults. Furthermore, the group was composed of 3 males and 3 females. All
participants were previously evaluated to validate that they were in good
physical condition. The physical characteristics of each individual are shown
in Table 3.4. Due to the nature of experimentation, selecting subjects with
a higher age range can put their health at risk.

The experimentation protocol consists of a sequence of falls from a height
of 59cm. This height was determined according to the specifications of the
third step of a ladder. In total, the participants performed a sequence of 10
falls for each scenario.

The experiment starts with a participant placed immobile on the ladder.
A visual and audible signal was configured to notify the participants of the
beginning and end of the experimentation. At the beginning of the test, the
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Table 3.4: Physical characteristics of test subjects

Subject Age Gender Height (m) Weight (Kg) Fall tests

1 23  Female 1.61 60 20
2 24 Male 1.75 it 20
3 27 Male 1.72 73 20
4 38 Female 1.55 58 20
5 47  Female 1.55 65 20
6 48 Male 1.71 85 20

participants remain in a static state until a signal is sent indicating the start
of the falling movement. The participants were also instructed to remain
immobile once the falling movement has been performed. The notifications
of preparation, start, and end of the tests were triggered automatically by the
system to avoid the presence of more people near the test scenario. Finally,
the signal notifies the end of the test to the subjects. The information
collected in the experiments is used in the subsequent stages of the system
to identify falling events.

3.6 Feature extraction and classification al-
gorithm

The classification stage in our platform involves the pre-processing, extrac-
tion, and classification of the acquired signals. In our system, the analyzed
features must contain the information necessary to determine the antenna
orientation with which the misalignment in fall detection can be mitigated.
Our signal model indicates that frequency drifts recorded in the spectro-
grams as Doppler signatures can be used as detection features. The consid-
ered scenarios as described earlier consist of VV and HH antenna disposition.
Each set is composed of 60 spectrograms computed during the experiments.
In order to extract the most relevant information from the spectrograms, a
dimensionality-reduction technique is employed.

We selected a PCA algorithm given its wide application in data anal-
ysis problems [59-65]. PCA is based on Singular Value Decomposition
(SVD) technique, which generates a low-dimensional approximation of a
high-dimensional data set in terms of its dominant patterns [66]. The PCA
algorithm reduces the dimension of the features and orders them hierarchi-
cally. Furthermore, this technique can be used to represent the correlation
of high-dimensional data through a coordinate system.

The first step in the PCA algorithm is to pre-process the calculated
spectrograms. The pre-processing in our system first reduces the frequency
span of the spectrums to a total bandwidth of 200 Hz. This is because the
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frequency drifts of the probe signal do not exceed this bandwidth value.
Moreover, denoising filter is applied to smooth the additive white Gaussian
noise in the CW probe signal. The data set is then organized as a matrix
X € C™*" where the rows x;, € C" contain the instantaneous spectrum of
the probe signal received during the ky, time instant, k& € {1,2,...,m}. The
next step is to compute the mean of the n elements of row x; and subtract it
from X. This standardization process results in the mean-subtracted data
B:

B=X-X, (3.15)

where X is the matrix of means. Then, it is necessary to compute the
covariance matrix of the rows of B given by

C = B"B. (3.16)

The covariance matrix describes all relationships between pairs of variables
in the data set [67]. In the next step, the eigen-decomposition of the covari-
ance matrix C is computed and resulting:

CV =VD, (3.17)

in this case V' and D correspond to the eigenvectors and eigenvalues respec-
tively. Finally, the matrix of principal components is defined as,

T = BY, (3.18)

where T corresponds to the matrix of principal components. Furthermore,
matrix B can be defined by the SVD as:

B=UxV" (3.19)

in this case, U € C™™ and V € C"™*™ are unit matrices with orthonormal
columns, and ¥ € R™™ is a matrix with non-negative real integers on the
diagonal and zeros off the diagonal [66]. Therefore, when substituting (3.19)
in (3.18), the matrix of principal components would be given by:

T=U% (3.20)

The numerical values resulting from the PCA for the spectrogram data
set can be represented in a coordinate system. These values have a logarith-
mic distribution as in Fig 3.7. In our case, the resulting number of principal
components r corresponds to the 200 frequency values measured for each
instantaneous Doppler spectrum captured during the experiments. And o,
are the elements on the diagonal of 3 that correspond to the singular val-
ues. Furthermore, the first three singular values o, resulting from the PCA
are taken as the features of the received signal. This is because the greater
variance of the values of our Doppler spectrums is concentrated in these
components. The first principal component in our case generally comprises
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Figure 3.7: Principal components of the frequency of a Doppler spectrum.

99%, the second 0.01%, and the third 0.002%. The rest of the components
can be omitted because they will represent a minimum of information loss.
Therefore, our system uses these components as the particular features of
each spectrum that will be used in the classification process.

The resulting low-dimension feature space is used for classification. At
this stage, it is necessary to classify the extracted features into different
classes. Support Vector Machine (SVM) was employed due to its balance
between complexity and accuracy. Additionally, SVM has demonstrated
its effectiveness in fall detection [40,50]. SVM classification allow us to
measure the impact of the antenna orientation in the accuracy of the overall
fall detection system. SVM algorithms are learning machines that analyze
and recognize patterns in a set of features. This supervised learning model
allows us to distinguish between different classes. Then, we can determine
if the data introduced belongs to a falling event or a static scenario. The
implementation was developed using Matlab™ classification learner toolbox.
Based on the feature space generated by PCA, we selected a quadratic kernel
to maximize the geometric margin of our training data.

We evaluate the performance of the classification using a re-sampling
process known as the cross-validation method. The data introduced is ran-
domly shuffled and divided into K folds. The first fold is used for validation
and the rest for training. When the process concludes, the performance
score is preserved and the model is discarded. Afterward, the process is
iterated K times. Therefore, the model can be trained K — 1 times. Fi-
nally, the performance scores are averaged to reduce randomness and obtain
an accurate result. Performance scores were obtained using 5 folds of the
cross-validation method.
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(b) Sequence of Doppler spectrums at a time ¢; = 4.5s (before fall), to = 6s (fall)
and t3 = 7.5s (after fall).

Figure 3.8: Experimental results using VV scenario setup: a) spectrogram,
b) sequence of spectrums.

3.7 Results

The results obtained by our platform allow us to assess the impact of antenna
polarization in the fall detection rate. The pre-processing results of the
signals are shown in Figure 3.8 and Figure 3.9. Frequency dispersions caused
by human movement during tests are notable in each spectrogram time
sample.

Figure 3.8 shows the results obtained during one of the experiments
with the VV orientation of the antennas. The falling event was recorded at
6 seconds of the experimentation. In the spectrogram of Figure 3.8a, the
Doppler signatures captured during falling, cause a dispersion of the probe
signal.
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(b) Sequence of Doppler spectrums at a time ¢; = 4.5s (before fall), to = 6s (fall)
and t3 = 7.5s (after fall).

Figure 3.9: Experimental results using HH scenario setup: a) spectrogram,
b) sequence of spectrums.

On the other hand, Figure 3.8b shows a sequence of the frequency spec-
trums before, during, and after the falling event. In the spectrum cor-
responding to falling event, echoes can be observed in the carrier signal.
These echoes correspond to the fluctuations produced by the Doppler effect.
Therefore, the configuration with the antennas in VV orientation achieved
to capture the dispersions caused by the falls and the data could be used in
the recognition stage.

The dataset of the HH scenario was processed following the same method-
ology. The results of the experiments with this orientation of the antennas
are shown in Figure 3.9. In this case, the falling event was also recorded at 6
seconds. In Figure 3.9a the Doppler signatures at 6 seconds are distinguish-
able from the rest of the time samples recorded during the experimentation.
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The data shows a clear difference between the two datasets. Figure 3.9b
shows a higher amplitude echo in the HH scenario compared to the VV
scenario shown in Figure 3.8b.

Both datasets capture dispersions caused by falling events. It is im-
portant to mention that both experiments were carried out under the same
conditions and with the same angle of observation of the antennas. Neverthe-
less, the Doppler signatures in the HH case are more prominent. Therefore,
the most prominent dispersion is achieved with this orientation.

To evaluate the impact of the antenna orientation, the frequency was
taken as the feature of the Doppler spectrums. The feature space was re-
duced using the PCA for both scenarios. Figure 3.10 shows the comparison
of the feature space obtained in each of the scenarios using a projection
of the first two principal components. Figure 3.10a contains the numerical
values obtained with the data from the VV scenario. The crosses in Fig-
ure 3.10a marks the identified falls. The rest of the features correspond to
non-movement period and are shown as dots. The distribution of the data
of both classes shows in multiple cases similarities between their numerical
values. Figure 3.10a shows a low separability between the non-movement
and the falling events features, this makes the classification process between
both classes difficult.

On the other hand, the projection of the features of the HH scenario
in Figure 3.10b shows a contrasting distribution compared to that of the
VV scenario. Most of the features that correspond to falls have numerical
values that can be differentiated from the rest. This separation between both
classes determines that the features extracted from the spectrum where a
fall occurred using the HH orientation of the antennas obtained a greater
variability than the rest.

Classification was performed with SVM and the results are shown in Fig-
ure 3.11. Using the dataset of the VV scenario, an accuracy of 50% in the
detection of falls was achieved (Figure 3.11a). Therefore, the false-negative
rate was also 50%. This represents a high rate of false alarms in the sys-
tem. The low percentage of accuracy is attributed to the sensing capability
of the system when using a VV orientation of the antennas. After analyz-
ing the principal components of the received signal in this scenario, it was
shown that they have low variability and negatively impact the classification
algorithm.

The results for the HH scenario dataset are shown in Figure 3.11b. In this
case, the accuracy percentage increased. The evaluation results show a 92%
accuracy in the detection of falls. The false negative rate decreased to 8%.
This indicates that the sensing capabilities of the system can be increased
by analyzing the effects related to the orientation of the antennas. This
may represent a solution to the limitation of systems based on RF-WiFi
signals without the need to increase the number of sensors in the indoor
environment.
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Figure 3.10: Projection of the first and second principal components.

Figure 3.12 and 3.13 show accuracy comparison between our experiments
and two previously proposed systems. The comparison shows that classifica-
tion accuracy is impacted by antenna orientation. Therefore, false negative
rate is also affected. Although these systems use other features of the RF-
WiFi signals for their recognition stage, the sensing stage is the common
component in any system. WiFall-one link has a similar configuration to
our system with only one T'x and one receiver. Nevertheless, with the HH
scenario, higher accuracy percentages were achieved. WiFall-two links have
two receiver sensors, our accuracy percentage (Figure 3.13) is very close to
their results. Finally, Fall sense reported a 3% higher accuracy than the
accuracy achieved by our experiments at the cost of increasing the number
of sensor. Should be noted that in our experiments only one sensor was
used and with a careful consideration of antenna orientation, a increase of
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Figure 3.11: Confusion matrix of the SVM algorithm.

12% was achieved. However, it is remarkable that orientation changes rep-
resent an important factor in the detection rate. Therefore, systems that
consider these characteristics at the sensing stage can improve their accuracy
and false-negative rate results. We expect that this configuration will help
improve the difference between falls events and activities of daily living.

3.8 Discussion

Our preliminary results showed that the features extracted in the HH sce-
nario corresponding to each participant have a trend in their values. The
concordance of this indicates that under the same experimental conditions
each person produced Doppler signatures different from those of the rest.
Therefore, there is the possibility of characterizing the unique movement of
each individual. This could close the gap with monitoring problems when
there is the presence of more than one person moving near to the indoor
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Figure 3.12: Comparison of Wifall, FallSense and VV scenario.

environment. Furthermore, this would allow the proposed scenario to be ex-
panded to less controlled environments such as monitoring in public places.

When the different orientations of the antennas were analyzed, it was
found that there is a relationship between the increase in the accuracy rate
of the classification system and the alignment of the radiation and polar-
ization pattern. In scenarios with an HH orientation, the LOS component
between the antennas is very low, which highlights the non-LOS compo-
nents. Outside the LOS of the antennas is where the information on the
Doppler signatures is found. When the Doppler signatures are highlighted,
it facilitates analysis techniques such as PCA to create separable data sets
according to their characteristics. Our results show that for fall detection
applications, it is necessary to consider a selection in the orientation of the
antennas that decreases the contribution of the LOS in the antennas to re-
duce the complexity of classifying the Doppler signatures and improve the
accuracy rates. However, a set of different activities should be measured to
ensure the correct classification of a fall.

Human daily activities such as walking, walking waving arms or running,
have a common characteristic, they produce a periodic Doppler shift as has
been shown in [68]. However, seating and laying down are also non-periodic
activities that do not produce a distinguishable Doppler shift as shown in
a series of experiments measure with a 2.4 GHz radar [68]. In our future
experiments, additional activities, such as walking towards or away from
the stair, going up or down the stair and falling, should also be measured
and analyzed to ensure that these activities can be distinguished from a fall.
Additionally, feature extraction considering spatio-temporal evolution of the
activities should be explored for classification of periodic and non-periodic
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Figure 3.13: Comparison of Wifall, FallSense and HH scenario.

activities. Early experiments including several activities has led us to expect
that those activities can be distinguished.

Besides, aged population is rising due to advanced medicine and higher
life quality. However, world population reports higher susceptibility to age-
related diseases that can be addressed by health technology. Wireless Body
Area Network (WBAN) has been explored as a healthcare technology that
can monitor blood pressure, blood sugar level or other physiological variable
that prevent catastrophic events [69]. WBAN architecture involves a dense
network of sensor and actuators distributed in the body that interact with
a coordinator that sends information outside the WBAN, a smartphone is
normally used as a gateway. WBAN uses the 2.4 GHz ISM band to commu-
nicate between sensors and coordinator. There are several communication
technologies used for intra-WBAN including Bluetooth, ZigBee, and Ultra-
wide band. The co-channel interference may occur due to the coexistence
of WBAN with WiFi, ZigBee, Bluetooth, and cellular devices that share
the same band. However, WiFi uses higher transmission power level than
WBAN and consequently WiFi transmission dominates the medium [70].
Normally the gateway that sends information out of WBAN use WiFi, there-
fore, the interaction of WBAN with cloud-based services uses the same in-
formation channel that is used for the measure Doppler signatures. Quality
of Service (QoS) measurements such as CSI or RSSI might be impacted by
the interaction between these technologies, but Doppler signatures might
not be affected.

Considering the above, it is possible to use the signals transmitted by
commercial WiFi systems by analyzing Doppler signatures for fall detection
without compromising coexistence. Furthermore, the analysis of the Doppler
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signatures allows the use of diversity techniques. In a WiFi system that
transmits several pilot signals, the Doppler drifts will be replicated in each
one. Therefore, the effects related to human movement can be compared in
the same instant of time by more than one probe signal without the need
to add a set of antennas to the system. This avenue has not been widely
studied.

Finally, falling is a transient event that might be undetected due to
the interruption of signal transmission. WiFi AP transmit their signal in
burst, interrupting the sensing process for short periods of time. Then, in
the current transmission protocol that might caused a falling event to be
undetected. Therefore, should be considered to implement a continuous
transmission mode with low power consumption that allows uninterrupted
monitoring of the environment.

3.9 Conclusion

A study of the impact of antenna polarization in classification accuracy was
performed. In order to determine this impact, an indoor WiFi platform was
built with general-purpose equipment. The platform uses RF-WiFi signals
to measure fluctuations caused by human movement without the need to
carry any device. The design and development of the platform were pre-
sented as well as the fall experimentation protocol with volunteer subjects.
At an operating frequency of 2.42 GHz we recorded the Doppler signatures
on a series of spectrograms during testing. Two scenarios were proposed to
characterize the effects caused by antenna orientation that impact the perfor-
mance of the platform. The HH antenna scenario presented more prominent
fluctuations during the tests. PCA was selected as a classification feature. It
was shown that PCA component distribution shows difference in separability
for the considered scenarios. A classification performed by SVM algorithm
demonstrated that changing the orientation of the antennas can improve
performance in detecting falling events. The results of the algorithms that
used the data from the HH scenario showed that the accuracy system can be
increased without increasing the number of sensors. This means that, in the
design and implementation of sensing systems based on the analysis of RF
signals, the antenna orientation that mitigates the effects of misalignment
to a greater extent must be considered. This can be achieved through the
PCA that provides an abstraction of the behavior of the data extracted from
the signals, as is the case of the Doppler signatures. Therefore, the findings
described in this work may have implications for the accuracy rates of other
home health monitoring systems, considering it necessary to measure the
effects of antenna orientation to ensure high-quality characteristics for their
classification.
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Chapter

Deep Learning Multi-Class Approach
for Human Fall Detection Based on
Doppler Signatures

Falling events are a global health concern with short- and long-term physical
and psychological implications, especially for the elderly population. This
work aims to monitor human activity in an indoor environment and rec-
ognize falling events without requiring users to carry a device or sensor on
their bodies. A sensing platform based on the transmission of a Continuous
Waveform (CW) Radio-Frequency (RF) probe signal was developed using
general-purpose equipment. The CW probe signal is similar to the pilot
subcarriers transmitted by commercial off-the-shelf WiFi devices. As a re-
sult, our methodology can easily be integrated into a joint radio sensing and
communication scheme. The sensing process is carried out by analyzing the
changes in phase, amplitude, and frequency that the probe signal suffers
when it is reflected or scattered by static and moving bodies. These fea-
tures are commonly extracted from the Channel State Information (CSI) of
WiFi signals. However, CSI relies on complex data acquisition and channel
estimation processes. Doppler radars have also been used to monitor hu-
man activity. While effective, a radar-based fall detection system requires
dedicated hardware. In this chapter, we follow an alternative method to
characterize falling events on the basis of the Doppler signatures imprinted
on the CW probe signal by a falling person. A multi-class deep learning
framework for classification was conceived to differentiate falling events from
other activities that can be performed in indoor environments. Two neural
network models were implemented, the first is based on a Long-Short-Term
Memory Network (LSTM) and the second on a Convolutional Neural Net-

This chapter forms part of the paper titled Influence of the “Deep Learning Multi-
Class Approach for Human Fall Detection Based on Doppler Signatures” published in
Int. J. Environ. Res. Public Health, MDPI. The authors gave their consent to use their
work as an integral part of this dissertation.
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work (CNN). A series of experiments comprising 11 subjects were conducted
to collect empirical data and test the system’s performance. Falls were de-
tected with an accuracy of 92.1% for the LSTM case, while for CNN, an
accuracy rate of 92.1% was obtained. The results demonstrate the viabil-
ity of human fall detection based on a radio sensing system like the one
described in this chapter.

4.1 Introduction

According to the World Health Organization, in 2018 it was reported for the
first time in history that the number of people over 65 exceeded the number
of people under 5 years of age worldwide [71]. Therefore, it is estimated
that by 2050 one in six people will belong to the elderly sector [72]. The
fact that elderly people live alone raises concerns because they might not
have access to continuous health status monitoring. Falls are the second
leading cause of death worldwide, causing injuries that require immediate
medical attention, otherwise, they can be fateful [25]. Unfortunately, the
rate of deaths caused by falls continues to increase each year, and if this
growth continues, it is anticipated that by 2030 there will be 7 fatalities
every hour [73]. In addition, several studies show that if the falls are not
fatal, there is a possibility that people present physical and psychological
complications for the rest of their lives [74]. Some physical complications
include restrictions in daily activities, joint pain, broken bones, or brain
injuries, among others. Falls are the most common mechanism for causing
traumatic brain injuries [75]. Psychologically, the person struggles with
sadness, a lack of self-assurance, and a fear of falling again. On the other
hand, statistics show that 80% of fall deaths are in low- and middle-income
countries [25]. For this reason, the development of low-cost fall detection
systems is a critical need.

This work aims at detecting human falls through radio sensing based
on a continuous wave (CW) radio-frequency (RF) probe signal that can be
transmitted as a pilot signal within the communications signal frame. Pilot
signals do not carry information data and are used only for synchroniza-
tion purposes between the transmitter and the receiver [53]. However, these
signals are subject to frequency dispersions caused by the Doppler effect.
Such frequency dispersions are known as Doppler signatures and have been
widely used for sensing purposes [28,76,77]. The Doppler signatures pro-
duced by the interaction of the CW probe signal with a moving person can
be analyzed to characterize falling events. We developed a CW probe signal
transmission and reception system using general-purpose equipment that
can be easily replicated. Unlike other works where a single-input multiple-
output scheme is followed [36,52, 78], our system only requires a single-input
single-output (SISO) radio link. Furthermore, the platform allows the ac-
quisition of the information from the probe signals through a less complex
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process than Channel State Information (CSI) or Received Signal Strength
(RSSI) estimation.

In a previous study [18], we presented the influence of antenna orienta-
tion in fall detection systems using a Simple Input Simple Output (SISO)
RF signal transmission platform. The results determined the orientation
of the antennas with which the Doppler signatures of a fall are captured
with the best resolution. However, this proof of concept was performed us-
ing a binary classification of events (falls and no activity). As a significant
extension of this work, we seek to increase the robustness of the system
using a multi-class classification approach and increase accuracy by imple-
menting advanced deep learning (DL) techniques. DL is considered one
of the core technologies of artificial intelligence capable of building intelli-
gent systems [24]. Machine learning algorithms can be classified as Bag-
of-Feature (BoF) or model algorithms [79]. BoF performs classification by
a) extracting desirable features, b) generating a codebook, and c) gener-
ating a vector of features. The main problem in BoF is feature selection
that guarantees separability between classes. Features must exhibit high
information-packing properties, a high discrimination rate between classes,
low within-class variability, and the ability to discard redundant information.
Model-based machine learning, such as DL, performs feature extraction and
classification within the designed network. The training process establishes
which features are relevant to the desired classification. DL automatically
selects the feature that achieves the best classification. In our methodology,
the model will extract the required features from the received CW probe sig-
nals for the learning process. The system is trained to identify the Doppler
signatures of different activities of the daily life and specific events such
as walking, going up/down stairs, and falling. We implement and evaluate
two one-dimensional neural network algorithms for this process: the long-
short-term memory network (LSTM) and the convolutional neural network
(CNN). The LSTM network is considered one of the most successful recur-
rent neural networks [24]. Our implementation achieved 92.1% accuracy in
detecting falling events with the LSTM algorithm. On the other hand, CNN
is a popular feature discriminator that automatically learns from the input
signal without a feature extraction pre-process [80]. We assessed the CNN
classification algorithm and we achieved an accuracy of 92.1% on falling
events. Our results shows that the Doppler signatures of a CW probe signal
are sufficient for accurately detecting falling events differentiating them from
other activities.

The rest of the chapter is organized as follows. Section 4.2 provides a
review of related work. Section 4.3 shows the materials and methods used for
sensing and capturing de Doppler signatures from human activities. Section
4.4 describes the architectures of the implemented classification framework.
Section 4.5 addresses the results and discussion of the proposed framework
and its performance. Finally, Section 4.6 presents the conclusions.
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4.2 Related work

Several systems have been proposed for fall detection using different sens-
ing techniques. A machine vision technique can be implemented for this
purpose. These systems are based on digital image processing and need to
capture high-resolution images to achieve a high accuracy rate [81]. How-
ever, not all vision systems can deliver high image quality, and investing
in equipment with higher resolution is an expensive solution. Furthermore,
partial or complete occlusion of people by objects or walls reduces the detec-
tion of events [32]. Environment-based systems have the same disadvantages
by requiring the installation of acoustic or vibration sensors throughout the
entire indoor environment [4,5]. Due to their sophisticated implementations
and high cost, they are not always viable. On the other hand, wearable de-
vices have taken advantage of low-cost sensors embedded in general-purpose
devices that people can wear to be monitored [43,82,83]. Nevertheless, the
subject’s will to wear such sensing devices is of prime importance because
detection accuracy depends on it. However, users might find it uncomfort-
able to keep the device attached to their bodies. This approach is invasive
and must be worn at all times in order to detect falls accurately.

An innovative approach to fall detection is through a RF technique. The
operation of these systems is based on the transmission of RF signals that are
reflected, diffracted, and scattered by static or moving human bodies [36].
Changes in such signals resulting from the interaction with the human body
can thus be characterized to determine the nature of the movement per-
formed. This means that the RF systems can monitor activities without
the need for the user to wear a device on their body. The construction of
these RF-based sensors can be implemented with relatively simple circuits
to generate CW signals [84]. In addition, the health data provided by these
signals can be monitored through technologies such as IEEE 802.11af which
provides opportunistic access to licensed channels with the help of cogni-
tive functions without any spectrum cost [85]. Therefore, the development
of these technologies makes RF-based fall monitoring systems a low-cost
alternative.

The RF signal transmitter that has had the greatest relevance in the field
of monitoring systems is the WiFi access point (AP) [86]. These devices
are ubiquitous in most indoor environments and are a commercial off-the-
shelf technology. WiFi signals are commonly analyzed through the CSI
[8,17] or the RSSI [19]. The CSI provides information about changes in
signal amplitude or phase during a falling event, whereas the RSSI measures
changes in the average strength of the signal. In fall detection, CSI analysis
has stood out above other approaches and has shown promising results.
However, the technology available for the implementation of these systems is
still limited principally by laborious offline processing. For example, sensing
applications using CSI require a high rate of measurements which reduces
network performance and efficiency [87]. Furthermore, the APs have to work
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in data transmission mode to compute the necessary Orthogonal Frequency
Division Multiplexing (OFDM) signal for the CSI, which cannot always be
guaranteed [88]. These aspects compromise the coexistence of joint radio
sensing and communication systems. Therefore, it is necessary to define a
new methodology that integrates both schemes.

Radar devices are another well-established sensing technology that is ro-
bust to the environment, small in size, and which has operating frequencies
ranging from few GHz to hundreds of GHz [21]. Doppler radars have been
widely used to monitor human activity. Unfortunately, these systems require
specialized hardware, which can be expensive to develop. Furthermore signal
processing for radar sensing requires information about the cross-correlation
between surveillance and reference signals that are not part of the commu-
nications signal frame [46].

4.3 Materials and methods

4.3.1 System overview

Figure 4.1 shows an overview of the implemented platform for fall detection
based on CW probe signals. In the experimental stage, the sensing of hu-
man movements is carried out through the transmission of RF probe signals
in an indoor environment. Some of the signals are absorbed by the human
body and others are reflected or scattered toward the receiver. Therefore,
the reception of the signal occurs through more than one path and at dif-
ferent times. This is known as multipath propagation. The Doppler effect
causes frequency shifts in RF signals and occurs when a moving body in-
teracts with the transmitted signal. A Doppler signature is the frequency
dispersion pattern imprinted on the probe signal during an activity or event.
We intend to associate the falling events with the features of their gener-
ated Doppler signatures. Our efforts are focused on the implementation of
two DL frameworks capable of accurately detecting falling events and dis-
tinguishing them from human activities. The LSTM network and CNN have
shown remarkable success in performing fall detection tasks [78,82,89].

4.3.2 Sensing platform

We use general-purpose equipment to transmit and collect CW RF signals
similar to those used by commercial WiFi systems. With a Keysight N9310A
RF signal generator, we can emit a probe signal at a frequency between 9kHz
and up to 3GHz, with a power of 20dBm. In this way, the platform is avail-
able to emit probe signals in the frequency range of the IEEE 802.11 b,g,n
protocol. We consider the analysis of the Doppler signatures registered in
the pilot carriers of these communication protocols used for channel estima-
tion. Therefore, the platform guarantees not to interrupt or interfere with
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Figure 4.1: Overview of the fall detection system based on Doppler signa-
tures.

the information transmitted.

Nonetheless, to calibrate the transmission and reception system, the
characteristics of the antennas and the indoor environment that is being
sensed must be considered. For this, it begins by characterizing the anten-
nas used by the platform. In our case, the transmission is carried out with an
omnidirectional monopole antenna (Tx) of 9 dBi gain that works in the 2.4-
2.5 GHz band. Antennas with these characteristics are commonly used in
WiFi. Furthermore, a Keysight FieldFox N9912A (Ryx) spectrum analyzer
was used to capture the transmitted signals and to characterize the coupling
of the antennas with the transmitting and receiving equipment. According
to our measurements, the monopole antennas had a better coupling at a fre-
quency of 2.42 GHz. These antennas were fixed with a horizontal orientation
for both Tx and Rx. This is in agreement with the results reported in our
previous work where it was shown that this orientation improves the resolu-
tion with which the Doppler signatures are recorded [18]. Finally, the sweep
time for detection was fixed at 271 ms with a frequency span of 1.5 kHz
because the duration of a fall is between 1-1.5 s.

4.3.3 Recruitment of participants

The experiments in this study were conducted with a total of 11 adult par-
ticipants. The age of the people involved was in a range between 21 and 48
years of age. Recruitment took place in the city of San Luis Potosi, Mex-
ico, where the volunteers declared that they were in good physical health.
Among the requirements to demonstrate good health is not having a his-
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Table 4.1: Physical characteristics of the recruited participants.

Participant Age Gender Height(m) Weight(Kg)

1 21 Female 1.69 76
2 25 Female 1.57 50
3 26 Female 1.61 64
4 28 Female 1.64 59
5 47 Female 1.55 65
6 25 Male 1.67 70
7 29 Male 1.80 75
8 29 Male 1.63 93
9 30 Male 1.72 73
10 33 Male 1.65 72
11 48 Male 1.71 85

tory of musculoskeletal problems. The volunteer population was divided
into 6 men and 5 women with different body masses and heights (Table
4.1). This variation in the physiognomy of the participants enables data to
be obtained from activities performed at different speed. Furthermore, the
amount of Doppler dispersion produced by the volunteers varies according
to their weight or height. Before the experiments, the participants filled out
informed consent forms about the risks of the study. Furthermore, all the ex-
periments were carried out under the ethical standards that the Autonomous
University of San Luis Potosi demands.

4.3.4 Experimental protocol

The sensing platform was located within the facilities of the Autonomous
University of San Luis Potosi, Mexico. Each experiment was carried out in
an indoor environment that simulates a two-story home. Figure 4.2 shows
the dimensions of the test scenario and the position of the measurement
equipment. The experiments were divided into four classes of activities to
be carried out by the participants. To evaluate the robustness and general-
ization of the experimental model in different real-world situations, a walk
at a constant speed of 7m in a forward direction was proposed as the first
activity. Each participant performed 30 repetitions changing the direction
in which they moved to cover the entire perimeter of the indoor environ-
ment. This allows a change of location of the people at all times, which
adds randomness to the spatial location where the tests are carried out and
allows the evaluation of the sensing quality in the scenario. The second
activity was performed by going up and down a ten-step ladder for a total
of ten repetitions per participant. Finally, the volunteers had to simulate
a fall situation both in the case of fainting and a fall resulting from going
down the stairs. For this, a thin mattress and an airbed were placed in the
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Figure 4.2: Test scenario for fall detection experiments and positioning of
the measurement equipment.

Table 4.2: Summary of trials performed by the participants.

Activity/Event Trials per participant Total

Walk 30 330
Up/Down Stairs 10 110
Falls 10 110

No Activity 10 110

room to reduce the impact force caused by falls. In the scenario of a fainting
event, the person was placed in the center of the room to perform the move-
ment. The event was replicated five times per participant. On the other
hand, in the event of a fall from the stairs, the participant stood two steps
up and descended the stairs, ending with a falling movement towards the
padded surface. Five repetitions of this event were performed. Furthermore,
we included a series of experiments that did not require the presence of the
participants. These experiments consisted of taking snapshots of the probe
signal in the indoor environment without any human movement involved.
The data collected in this experiment are categorized into a particular class
of "no activity" and are used to determine when a person remains static.
The summary of the activities and repetitions developed by the participants
is shown in Table 4.2. The physical differences of the volunteers and the
wide range of ages were taken into consideration to have a wide variety of
movement speeds available when developing the tests. Therefore, our plat-
form seeks to be evaluated under conditions that are as realistic as possible,
including changes in location and variations in speed of movement.

UASLP — Posgrado en Ciencias de la Ingenieria September, 2023



Wireless Perception using Deep Learning for Vehicular and
Human Detection 51

4.3.5 Doppler signatures analysis

A methodology that allows visualizing the changes in the spectral density in
a short observation time is necessary to differentiate the Doppler signatures
recorded in the CW signals during the performance of activities. This has the
objective of determining if the features of each signature are unique according
to the activity to which they correspond. The spectrogram method is used
to analyze time-varying and non-stationary signals such as those transmitted
by our detection system. Therefore, we propose to compute spectrograms for
the generation of a database containing the sequence of activities recorded
by the platform.

The spectrogram of a received CW RF signal is calculated as S(t';v) =
|Y'(¢';v)|?, where t' is the observation time, Y (¢'; v) = [*°_ y(t)w(t—t")e 2™ dt
is the Fourier transform of y(¢) and w(t) is a positive window and energy
unit pair [49]. The shape and length of the window function w(¢) must be
optimized to obtain a good resolution in frequency and a reduced spectral
loss. A Gaussian window fits the time-frequency analysis requirements of
the application at hand. Thereby, w(t) can be given by

w(t) = (v/7a,) M 2e /) (4.1)

where o is the dispersion parameter [56]. Examples of the spectrograms
recorded during the four activities considered in our experiments are shown
in Figure 4.3.

Doppler signatures pre-processing

The RF signal received by the platform contains an additive white noise
component Gaussian n,(t) € C; C refers to the set of complex-valued num-
bers [18]. This component corrupts the signal mainly due to thermal noise
from the measurement equipment and affects the resolution with which the
signals are captured. Therefore, it can be challenging to extract and analyze
the Doppler signatures. The noise contribution in the received signal is illus-
trated in Figure 4.4 which is a capture of the spectrogram of Figure 4.3a at a
time ¢’ = 12s. We observe that the RF signal dispersion caused by a falling
person can be masked by noise. It is required to construct a pre-processing
stage that enables us to sanitize the RF signals and remove the majority
of the noise in order to account for these practical concerns. To compen-
sate for these practical issues, it is necessary to implement a pre-processing
stage. We propose a pre-processing methodology based on a denoising filter
through a Gaussian mask. The masking is done through a Gaussian signal
with an amplitude that properly covers the bandwidth of the sub-carrier
signal and the Doppler generated by a person during a falling event. The
mask was obtained by averaging the snapshots of the spectrograms captured
during the experiments and was applied to the original values of the received
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Figure 4.3: Spectrograms of the four activities performed in the indoor
environment.

signals. Figure 4.5 shows the result of applying the Gaussian mask to the
spectrum of Figure 4.4, where the noise was smoothed in most of the signal.
Furthermore, it is shown that the dispersion generated by the Doppler effect
of the fall is preserved and is simpler to visualize. Figure 4.6 shows the cal-
culated spectrograms after sanitizing the RF signals in all activities. These
spectrograms are used to build the database for our fall detection platform.
However, the sequences of activities do not have the same number of samples
and it was necessary to take a fixed observation window. The observation
window was set at ten samples per spectrogram because the dispersion of
falls does not exceed three samples and is sufficient to capture a sequence of
walking and going up or down stairs. According to Table 4.2 for a total of
660 calculated spectrograms, a database with 6600 samples was generated.
Furthermore, after the probe signals are pre-processed, most of the informa-
tion in the frequency spectrums is negligible (Figure 4.5). In our case, the
maximum values of the power of the probe signal and its Doppler signatures
were preserved in 82 values of the snapshots. These values are considered
the principal features of the experiments.
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Figure 4.4: Snapshot of the probe signal during a falling event without
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Figure 4.5: Probe signal pre-processed with denoising filter.

4.4 Deep learning framework

DL is a methodology that has been proposed to perform classification and
regression tasks with significant results in the area of data science [24,90].
DL algorithms are based on artificial neural networks to build computational
models capable of extracting and learning the principal features of a data
set. The first step in developing a DL model is to create a data set that
includes measurements of various activities. The dispersion caused by the
acceleration of falling bodies has a progressive and natural sequence. More-
over, human activities such as walking and going up or down stairs are also
sequential activities. In order to analyze those activities, a sequence of spec-
trums conforming to an activity must be formed. A window that included
ten spectrums allowed us to provide sequences where the activities could be
observed. Each activity is measured with a sequence of spectrograms. Our
dataset was built with a set of different experiments involving a predeter-
mined set of activities. According to Table 4.2, a total of 660 sequences
were captured and divided into four different classes. For the classification
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Figure 4.6: Spectrograms of the four activities performed in the indoor
environment.

process, the algorithms need one data set for training and another for valida-
tion and testing. Our training data corresponds to 80% of the total captured
sequences and the remaining 20% was used for validation and testing.

In this work, we consider two architectures with different supervised
learning approaches to compare the features they are capable of extracting
and determine which have better classification results. The first architec-
ture is the LSTM network which has a generative approach. We selected
this network for its capability to learn from the contextual relationships
in the data. Furthermore, in the experimental protocol, sequential data of
activities such as walking are considered. The LSTM model can process a
particular input considering previous inputs. This is essential in our applica-
tion since the recognition depends on the context of the activity. Moreover,
in high-dimensional data sets, LSTM networks prevent the loss of impor-
tant information over long periods. Therefore, unlike other recurrent neural
networks (RNN) based learning models, LSTM has greater potential for fall
detection.

The other architecture used was a CNN which has a discriminative ap-
proach. This model uses convolution operations to extract the most relevant
features from a data set. This allows us to recognize patterns in the infor-
mation automatically and highlights the information that is most related to
each other. In our case, the Doppler signatures of the falls are locally related
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data, and the CNN model is ideal for highlighting them from the rest of the
activities in the data set. Therefore, within artificial neural networks, the
CNN algorithm has multiple advantages for our platform.

4.4.1 Long short-term memory network

LSTM networks are a variation of RNN and are used in sequential data anal-
ysis applications [77,91]. These networks have a state cell which is a memory
block that stores data for long periods. This solves the vanishing gradients
problem, which makes it difficult for the network to remember important
information from the beginning of the sequence as the sequence increases.
The memory block is divided into three gates: the forget gate, the input
gate, and the output gate. The forget gate has the task of determining what
information from the previous state cell will be stored and what information
can be discarded. On the other hand, the input gate decides the data to
enter the state cell and the output gate controls the outputs. Therefore, we
can use a larger volume of input data to increase the efficiency of network
learning without losing information over long periods.

The architecture of our classification algorithm using LSTM networks is
shown in Figure 4.7. The input data in these networks must be a three-
dimensional array. The first dimension is the one that represents the batch
size, the second dimension corresponds to the time steps and finally, the
third dimension is the number of units or features in an input sequence.
The batch size was 5,391 samples for the training set and 1,191 samples for
the validation and test set. Which correspond to 80% and 20% of the total
samples of the database respectively. The time step taken has a value of 10,
considering the size of the observation window of the pre-processing stage.
The features entered into the network were the 82 most relevant values of the
probe signals (Section 4.3.5). Once the data is entered into the algorithm,
it is processed by two LSTM network layers using a rectified linear unit
(ReLU) activation function. The number of input artificial neurons in both
layers was 100. Finally, the output is a dense layer that classifies the samples
into the four given activity classes using a Soft-max activation function.

4.4.2 Convolutional neural network

CNNs are classification models that can reduce the dimensionality of the
input data and extract the principal features without requiring a supervised
extraction stage. This architecture is mainly based on the implementation of
convolution layers to discriminate a data set. The convolution is computed
through multiple digital filters that sweep the input data and create a feature
map. Pooling layers are used for dimensionality and operation reduction as
well as feature summarization. A max-pooling layer takes only the maximum
value of a portion of the feature map given by a defined kernel and discards
the rest. This process reduces the computational cost of algorithms by
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Figure 4.7: The architecture of the LSTM network implemented for the
classification process, where n is the size of the input data set.

extracting and preserving only the dominant features of the dataset. Finally,
a fully connected layer called a dense layer is used to determine the class to
which each extracted feature belongs. For this, it is first necessary that a
flatten layer must process the data extracted from the convolution layer to
adjust its dimensions to those of the dense layer. Therefore, the proposed
CNN architecture for fall detection is defined in Figure 4.8. The input data
of the algorithm has to be a three-dimensional array represented by the batch
size, the time step, and the number of features. In our implementation, 16
filters were used in each of the convolution layers. The stride, which defines
the input of the given data, was set to 1 for all layers. We select a kernel
value of 3 to reduce the computational cost without losing excessive details
on the features. The convolution layers were built using a ReLLU activation
function. Finally, for the fully connected layer, a Soft-max activation was
selected for the dense layer.

4.4.3 Performance evaluation

We use the confusion matrix to visualize the results and determine the per-
centage of activities classified correctly. In a confusion matrix, 4 possible
results can be obtained: True Positive (TP), True Negative (TN), False Neg-
ative (FN), and False Positive (FP). Positive true values are the number of
samples that were correctly classified in the class being evaluated. The true
negatives are the samples correctly classified in the rest of the classes. On
the other hand, the false negatives are the samples of the evaluated class
that were classified as another activity. Finally, the false positives, contrary
to the false negatives, are the samples of other activities that were classi-
fied as the evaluated class. To evaluate the classification performance of the
classes from the confusion matrices, some metrics can be used, including ac-
curacy, precision, recall, and specificity. These metrics are computed using
the following equations:
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Figure 4.8: The architecture of the CNN network implemented for the clas-
sification process, where n is the size of the input data set.

Aceuracy = py 121]j i sz +TN 42)
Precision = Tszi——PFP (4.3)
Recall = TP}—;——PFN (4.4)

Speci ficity = % (4.5)

where accuracy refers to how close the result is to its true value, precision is
how close the results are to each other, recall is the proportion of TP that
were correctly classified, and specificity is the rate of TN which expresses
how well the model can detect a class. The set of results of equations [4.2-
4.5] are in a normalized range between 0 and 1, corresponding to 0% and
100% respectively. Furthermore, based on the performance evaluation by
confusion matrices, the Receiver-Operating Characteristic (ROC) curve can
be computed. This is a graph used to visualize the performance of the model
and it represents two parameters: sensitivity and specificity. The Area Un-
der the ROC Curve (AUC) measures the two-dimensional area under the
ROC and provides an aggregate measure of performance. The AUC mea-
sures how well the predictions of each class are classified and their quality.
AUC values range from 0 to 1, where 0 represents that all predictions were
incorrect and 1 that they were all correct.
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4.5 Results and discussion

The performance of the fall detection platform based on a DL framework
was evaluated by taking the results of the LSTM and CNN classification
algorithms. The classification was performed with a multi-class approach,
taking four different activities from the generated database. The sequence
of samples of each activity was assigned a numerical label such that: no
activity corresponds to class 1, walking to class 2, going up and down stairs
corresponds to class 3 and the falling event is class 4. The confusion matrix
generated with the results of the LSTM algorithm is shown in Figure 4.9.
From this confusion matrix, we computed the performance metrics that are
listed in Table 4.3. The accuracy achieved for this framework was 82.20%.
Furthermore, during the training of the network, the loss function of the
model was estimated to measure how well the data was learned. In this
case, at the end of the training stage, the loss function had a loss value of
less than 0.01. The lower this value, the better the model fits the data.
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Figure 4.9: LSTM multi-class classification confusion matrix results, where
the classes correspond to (1) no activity, (2) walking, (3) going up/down
stairs, and (4) falling.

Table 4.3: Results of the metrics computed from the confusion matrices in
the LSTM algorithm.

Metric No activity Walk Up/Down stair  Fall
Precision 88.40% 89.90% 61.60% 70.50%
Recall 80.00% 97.60% 46.50% 76.50%
Specificity 97.51% 86.19% 93.88% 92.84%
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Figure 4.10: CNN multi-class classification confusion matrix results, where
the classes correspond to (1) no activity, (2) walking, (3) going up/down
stairs, and (4) falling.

Table 4.4: Results of the metrics computed from the confusion matrices in
the CNN algorithm.

Metric No activity Walk Up/Down stair  Fall

Precision 79.30% 86.20% 52.80% 68.70%
Recall 78.50% 98.60% 28.00% 68.70%
Specificity 95.03% 79.37% 94.65% 92.34%

On the other hand, Figure 4.10 shows the confusion matrix generated
with the results of the CNN. Considering the values registered in the matrix,
the metrics were calculated to evaluate the performance and are shown in
Table 4.4. In this case, the accuracy achieved in the classification of all
activities was 78.09%. The loss function of this algorithm was approximately
0.05. Therefore, the CNN classification model was better adapted to learning
the data of all the activities.

Comparing the results, the LSTM algorithm obtained the best perfor-
mance. The performance success rate demonstrates that Doppler signatures
can be used as the main feature of classification systems and activity recog-
nition applications. However, the aim of the platform is not to recognize
human activities, but to differentiate falls from other classes. This means
that the most relevant class is falling, and they must have the highest per-
centage of precision possible so that elderly people receive the corresponding
medical attention. In total, 70.50% of the falling events were correctly de-
tected and classified for the LSTM case and, 68.70% for the CNN. These
results indicate that there is a high rate of falls that cannot be detected or
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are misclassified.

A deeper analysis of the loss function during the validation stage pro-
vides us with an overview of how the classification model fits the input data.
In the case of the LSTM network, the final value of the loss function had
an approximate value of 1.45, which indicates a considerable increase com-
pared to the training. In the case of CNN, the loss value was approximately
0.09. This represents that the model had a loss of performance in identi-
fying the Doppler signatures. Furthermore, as can be seen in Figures 4.9
and 4.10, going up and down stairs activity has the highest percentage of
FP that affects the fall class. The complications in distinguishing between
these two classes may be because the model had an overfit with the features
of these classes during training due to the similarity between the data of
both. Therefore, the precision percentage decreases and causes falls to not
be correctly detected.

There are several reasons why there might be this difference between ac-
tivity precision rates. However, we can highlight two in particular. The first
reason has to do with the resolution with which the Doppler signatures are
captured by the sensing platform. For example, if the spectrograms of Figure
4.6 are considered, it is visible that the fluctuations vary depending on the
acceleration that the body has during the development of a specific activity.
Walking is an activity that involves a constant and sequential acceleration
of the volunteers, which causes the dispersions to be repeated over a long
period, and it is sometimes the one with the highest energy. However, even
though the activity of going up and down stairs is also sequential, the dis-
tance from the antennas and the resolution of the measurement equipment
cause the dispersions to be of a lower intensity. Furthermore, empirically, it
can be determined that some of these dispersions are similar to those caused
by a fall. Therefore, the activity of going up and down stairs can influence
the accuracy rate of falls, decreasing their detection.

Another reason that causes a difference in the precision rate of all the
activities considered in the experiments with the platform is the number of
samples captured. Because the sequential activities represent long periods
of experimentation in which the movement can be repeated and sensed for
a long time, the data we obtained was extensive. However, in the case of
falls, subjecting volunteers to a large number of falls can compromise their
health. This is why the number of samples of falls is less than that of other
activities. Therefore, there is an imbalance that can cause the fall accuracy
rate to decrease in comparison with the other activities.

There are some techniques that can be used to acquire Doppler signa-
tures with higher resolution during experiments. For instance, improved
feature extraction inside the network can be achieved by using better RF
signal acquisition resolution. Measurement equipment with higher perfor-
mance can be used to avoid the loss of power of the signals in long-distance
indoor environments. Furthermore, sophisticated pre-processing methods
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(a) LSTM multi-class classification confusion matrix results.
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(b) CNN multi-class classification confusion matrix results.

Figure 4.11: Confusion matrices of both classification frameworks where the
classes correspond to (1) no activity, (2) walking, and (3) falling.

can be used to enhance classification. However, due to the physical difficul-
ties and the risk involved for an elderly person going up and down stairs.
This sector of the population has been limited to living in one-story houses.
Therefore, we can limit the range of activities in our multi-class approach
to only those that generate enough Doppler spread to be captured by the
sensing platform. Following the sensing process previously described, the
experimental protocol was repeated only by considering the classes of no ac-
tivity, walking, and falls. In this way, the same DL architectures were used
for data classification. The system was tested and analyzed following these
metrics and the results were used to compute the confusion matrices shown
in Figure 4.11. From the confusion matrix in Figure 4.11a, the accuracy of
the LSTM algorithm was calculated and a value of 94.95% was obtained.
This result had a considerable increase when compared to the scheme that
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Figure 4.12: ROC curves computed for both classification frameworks where
class 0 corresponds to no activity, class 1 to walking, and class 2 to falling.

considers the 4-class classification. The precision in falls also had an im-
provement with a percentage of 92.1% and a recall of 82.0%. On the other
hand, using the CNN architecture, the accuracy achieved was 94.25%, an
improvement of more than 16%. Falls reported a precision of 92.1% with
a sensitivity of 81.5%. Notably, the results in both algorithms were very
similar, in addition, they reported a false alarm rate with a maximum of
7.90%.

The other metric implemented to compare both classification frameworks
was the ROC and whose graphs are shown in Figure 4.12. The graphs in
figures 4.12a and 4.12b show a low rate of FP for both classifiers. This
behavior is expected in falling detection applications where the model’s per-
formance needs to be maintained during the learning stage of the different
classes of activities. The AUC for both schemes was 90%, which means that
the quality of the predictions made by the algorithms is desirable.

The precision values of a human fall detection system have to be as close
to 100% as possible. This is because if there is an error in the sensing and
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a fall is not detected correctly, it can trigger a series of complications in the
health of the elderly. As could be observed, our efforts were focused on in-
creasing the precision values of the falls above any other activity. The results
obtained validate our platform as a high-precision sensing system compara-
ble to the majority of works published in this area. For example, in [78] the
authors computed the CSI of WiFi signals and with a CNN methodology,
they obtained a percentage of 93.3% in fall detection. Works such as those
presented in [21] and [77] used specialized high-resolution equipment such
as Doppler radars to analyze the spectrograms of the signal. In this case,
95.00% and 95.60% precision were obtained in the fall class, respectively.
Our platform achieves similar levels of accuracy without the need for spe-
cialized equipment such as radars or complex feature extraction, as in the
case of CSI estimation. Furthermore, the system was tested under extensive
indoor environment conditions, with antenna locations up to 7 m. There-
fore, our human fall recognition system prioritizes the precision rate to be
as high as possible and achieves this using SISO communication without
involving multiple antennas.

4.6 Conclusions

In this chapter, we analyze the performance of a fall detection platform
based on CW RF signals using a multi-class DL framework. Using this
platform, we collected data from probe signals containing Doppler signatures
generated by people movement in an indoor environment. The activities of
the experimentation protocol included: walking, going up and down stairs,
non-activity, and falls. Furthermore, we compute the spectrograms of each
sequence of activities in the collected data to extract the features of the
Doppler signatures. The spectrograms were divided into a training set and
a validation and test set to be used in a DL framework. We compared the
performance of two different multi-class classification approaches, an LSTM
network, and a CNN. The results showed an overall accuracy of 82.20%
for the LSTM algorithm, with an precision of 70.50% in fall detection. On
the other hand, CNN reported an overall accuracy of 78.09% and a fall
detection precision of 68.70%. We note that elderly people have physical
limitations to perform complex or highly mobile activities such as going up
and down stairs. Therefore, we consider an experimental scenario where
these kinds of activities are not carried out. We center our efforts on sensing
the activities of elderly people that live independently in one-story homes.
In this way, the overall accuracy of the LSTM algorithm reached 94.95%
and a precision of 92.1% in fall detection. Moreover, CNN also increased
the overall accuracy and reached 95.25%. In this case, the fall detection
precision also achieved 92.1%. These results demonstrate that the features
extracted from the Doppler signatures can be used in different classification
frameworks with high levels of accuracy. Therefore, our platform could be

M.Sc. Jorge Daniel Cardenas Amaya



64

used to monitor and detect falling events with a high accuracy rate. In
addition, our methodology allows the integration of radio sensing and joint
communications by using an RF probe signal similar to the pilot subcarriers
of commercial WiFi systems. Nevertheless, the platform cannot be used to
distinguish low-acceleration activities from the human body and is limited
by these sensing capabilities. As future work, we will seek to increase the
resolution of the captured Doppler signatures using other pre-processing
techniques and a methodology to capture the signals with a better balance
between acquisition time and frequency resolution.
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Chapter

Fall Detection using WiFi Signals with
Doppler Frequency Diversity

Human fall sensing using radio frequency (RF) signals transmitted by WiFi

access points is considered a low-cost and non-invasive solution for elderly
home care. Several proposals have considered the use of multiple sensors to
diversify the information gathered from RF signals and, as a result, extract
more redundant features that improve system precision. In consequence, the
system demands high-performance signal processing and complex hardware,
resulting in an expensive solution. Frequency dispersions called Doppler
signatures are produced when RF signals interact with human movement.
Systems for detecting falls can involve Doppler signature analysis. In a
frequency diversity radio sensing (RS) scheme, the Doppler signature infor-
mation is diversified through the multiple transmitted subcarriers without
increasing the number of sensors. However, this RS scheme needs to demon-
strate its feasibility in fall detection and determine if diversification of fea-
tures improves the accuracy. This work presents the proof of concept of this
scheme, where the results obtained in fall detection reached up to 98.10%
precision.

5.1 Introduction

Wireless local area networks (WLAN) are ubiquitous communication sys-
tems available in various environments such as homes, offices, industries,
universities, hospitals, etc. Recently, radio frequency (RF) signals trans-
mitted by these communication systems have been used to develop sensing
applications. This is possible because radio sensing (RS) systems share sim-
ilar hardware and signal processing characteristics with WLAN. The main

This chapter forms part of the paper titled ‘Fall Detection using WiFi Signals with
Doppler Frequency Diversity” submitted in Consumer Electronics Magazine, IEEE. The
authors gave their consent to use their work as an integral part of this dissertation.
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Figure 5.1: Overview of the operation of a joint radio sensing and commu-
nication system.

idea is to use the signals received by consumer electronic devices, such as
WiFi access points (AP), to extract the characteristics that describe their
propagation. Afterward, human activities can be characterized using signal
propagation modeling. Thereby, joint RS and communication (JRSAC) sys-
tems can be developed to reduce the infrastructure cost for their operation
and promote non-invasive sensing. An illustration of the operation of these
systems is shown in Figure 5.1.

The detection of human falls is one of the RS applications for indoor
environments that has drawn the most attention. This is the second most
common reason for preventable death worldwide [25]. Additionally, it is
important to identify and report falls in senior persons who live indepen-
dently as soon as possible in order to lower the risk of complications that
could harm their quality of life. Furthermore, prompt medical attention can
reduce the incidence of fatalities.

Several proposals have been presented for the RS of falls using or emu-
lating simple point-to-point WiFi communication systems [20,92,93]. How-
ever, the accuracy of these systems has been limited because when the same
human activity is observed from different angles of the AP antennas, the
characteristics extracted from the signals differ and are complex to charac-
terize [18]. One solution to this has been the deployment of multiple anten-
nas to diversify the information collected in the same indoor environment.
Nevertheless, adding more hardware implies the design of new platforms
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and complicates the reuse of consumer electronics and grows the demand of
computational resources for signal processing.

An alternative to the deployment of multiple antennas is to use signal
diversity techniques to take advantage of the propagation properties of wire-
less signals and diversify the information on the effects generated by human
movement. The frequency diversity technique involves transmitting a carrier
signal at different frequencies. This mitigates frequency selective vanishing
by averaging the propagation effects across multiple frequencies. Therefore,
more redundant information can be extracted from the effects registered in
each subcarrier that facilitates the characterization of its principal features.

One of the propagation effects, which has shown its potential for fall
detection, is the dispersion in frequency called the Doppler signature [18].
Doppler signatures are caused when a moving object interferes with the prop-
agation of a continuous wave and forms a characteristic pattern of shifted
frequencies. Furthermore, in a wireless signal propagation scheme using
frequency diversity techniques, this pattern is recorded by the multiple sub-
carriers. However, the information that can be extracted using this scheme
has not been analyzed for fall detection applications. Therefore, it is neces-
sary to demonstrate that frequency diversity is a viable alternative for the
diversification of the information collected by RF signals for fall detection.

This chapter describes an RS fall detection strategy that employs a fre-
quency diversity technique for broadening the propagation effects informa-
tion. To demonstrate its feasibility, three pilot sub-carriers with characteris-
tics similar to those used by the IEEE 802.11 g, n communication protocols
were used. With these signals, a series of fall events were sensed to cap-
ture their characteristic Doppler signatures. The unique patterns generated
are characterized to be distinguished from other activities of daily living,
such as walking. Automation in the characterization process of these two
events can be accomplished through artificial intelligence models, such as
deep learning (DL). Due to the event-sequential nature of our experimental
protocol, a variation of the recurrent neural networks (RNN) used in DL
known as long-short-term memory was selected. The results showed that
the data collected with the frequency diversity technique supplied enough
information to classify falls with up to 98.10% accuracy without increasing
the number of sensors.

5.2 Background and motivation

Accuracy in fall detection through JRSAC has been limited primarily by
scarce real-world fall data [21,40].Although experiments have been carried
out to collect data from volunteers, due to the nature of falls, a large amount
of information is needed to characterize the random movements of each per-
son [20,92,93]. Therefore, it is necessary to obtain feedback or diversification
of the propagation effects that RF signals have when interfered with by hu-
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man movement during a fall to favor the learning process of classification
models and thus increase their accuracy.

Another concern that has arisen during the collection of data on human
falls is the observation angle that RS equipment has. The effective range of
sensing obtained with RF signals can fluctuate depending on the size of the
experimental scenario or the influence on the orientation and positioning of
the antennas [18,40]. This means that the propagation effects in the signals
can be attenuated or differ in the information extracted if the same activity is
observed in a different location. Therefore, the fall characterization process
can become complex and limit the accuracy rate in its classification.

The deployment of multiple antennas has been proposed as a solution
to the diversification issues and the variations in propagation effects of the
data collected during the RS. The authors in [92] diversified WiFi channel
state information (CSI) using 2x2 MIMO communication having four pairs
of antennas for each captured subcarrier signal. On the other hand, in [93],
the authors used the information on the angle of arrival of the CSI obtained
through two receivers positioned in the same indoor environment. How-
ever, using these schemes with multiple inputs and outputs requires more
hardware and high-performance signal processing, resulting in an expensive
solution. Furthermore, it moves away from the objective of the JRSAC
systems, which is intended to reuse consumer electronics.

This has motivated research to explore other methods, such as the fre-
quency diversity technique, to expanding the information gathered in RF
signals. This technique is already implemented in consumer electronic de-
vices such as AP that operate under the IEEE 802.11 g and n communication
standards. In this case, various pilot subcarrier signals are transmitted at
different frequencies to estimate and compensate for transmission channel
effects. However, with this frequency separation, the information on partic-
ular propagation effects, such as Doppler signatures, can be diversified. This
is because all subcarriers transmitted in a communication frame are equally
affected by interference from human movement. Therefore, more significant
information can be extracted from the same event without the need to use
more antennas.

The information from the Doppler signatures gathered in RF probe sig-
nals with similar characteristics to the pilot carriers has already been used for
fall detection with promising results [20]. However, it has not been demon-
strated that the diversification of its principal features through a scheme
based on the frequency diversity technique improves the accuracy rate of
intelligent classification models. Therefore, it is necessary to demonstrate
that the Doppler frequency diversity RS scheme is a viable alternative to
improve fall detection without introducing more antennas.
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5.3 Overview of the RS system for fall detec-
tion using frequency diversity technique

RS systems based on Doppler signatures use a transmitter (7 ) of RF signals
to propagate them in an indoor environment. If the system uses a frequency
diversity technique, the subcarriers must have a separation between them
to avoid interference. These separations can vary depending on the needs
of the communication channel, but the parameters established in protocols
such as IEEE 802.11 g, n can be considered where multiple pilot carriers are
transmitted.

Once the signals are transmitted in the indoor environment, a receiver
(Rx) captures them. Through signal processing techniques, the information
of the Doppler signatures can be extracted and characterized depending on
the event that generated them. However, in applications that require contin-
uous sensing, the amount of information collected is extensive. Furthermore,
considering the use of the frequency diversity technique, the number of sub-
carriers that can be analyzed is also increased. Therefore, in these systems,
the use of intelligent detection techniques is required, which can automate
the analysis and characterization of high-dimensional data.

Intelligent fall detection can be performed through different data anal-
ysis techniques based on artificial intelligence models. In these models, a
learning process is used to classify the Doppler signatures that are entered
as input. Also, some of these models improve their learning process if the
dimensionality of the data is more extensive. Therefore, for the design of
fall detection systems, it is necessary to compare and determine the model
that best adapts to the analysis of the information provided by the Doppler
signatures.

5.3.1 Frequency diversity using general-purpose mea-
surement equipment

For the proof of concept of this system, we transmit three continuous wave
probe signals that resemble the pilot carriers in the AP WiFi but can be gen-
erated by general-purpose equipment. This methodology makes it possible
to focus the analysis of the Doppler signature information without directly
involving the communication system. As Ty, we use a Keysight N9310A RF
generator that allows the probe signals to be transmitted with a separation
of up to 500 Hz between them. Furthermore, we use a pair of commer-
cial omnidirectional monopole antennas for WiFi AP. The best coupling of
these devices was obtained when using a central transmission frequency of
2.42 GHz. At this operating frequency, our system is within the IEEE 802.11
g, n standard, where multiple pilot carriers are also considered.

On the other hand, the Rx was a Keysight FieldFox N9912A spectrum
analyzer. This was configured to capture the probe signal frame with an
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approximate acquisition time of 0.27 s and a frequency span of 1.5 kHz. The
acquisition time and the resolution with which the subcarriers are captured
are directly related, and it is necessary to find a balance since the falls occur
in a very short period.

5.4 Experimental measurements

A measurement campaign was carried out to collect as much information
as possible to capture the Doppler signatures frequency diversity of the fall
events. Furthermore, it is essential to measure other activities of daily living
that can be compared with falls to determine if there are unique patterns
that help differentiate them. In our case, we divided the experiments into
two different classes: the falling class and the walking class. Walking is a se-
quential movement carried out at an almost constant speed and is one of the
most common in elderly people. Therefore, the Doppler signatures of both
motions can be compared to determine if their features can be differentiated.

The participation of eleven adults was requested, who were physically
evaluated so as not to put their health at risk during the experiments. Fur-
thermore, the participants signed an informed consent report required for
this type of experimentation. Each of the subjects simulated a falling event
during a faint for a total of 20 repetitions. On the other hand, for the ac-
tivity of walking, the participants moved constantly in a space of 7 meters
performing 30 repetitions in total.

5.5 Pre-processing and Doppler signature anal-
ysis

One of the issues when capturing probe signals is that they are affected
by the additive white Gaussian noise of the measurement equipment. The
contribution of this noise component is not of interest to the analysis of the
Doppler signatures and it is necessary to eliminate it. For this, we consider
a thresholding process where signal values below the average noise level are
discarded. In our case, the RF CW signal has the contribution of the Gaus-
sian noise, the pilot sub-carrier signal, and the Doppler spread generated by
the movement. The average noise level is measured by omitting the contri-
bution of the pilot subcarrier, of which we know its center frequency and
bandwidth in each received RF signal. Once measured, this noise value is
set as the threshold value. To ensure that significant features of the Doppler
signatures were not removed using this thresholding, the formula for mea-
suring the maximum Doppler obtained during a falling event was used, such
that

Afmax = 2CUfC7 (51)
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where the average speed that an adult person reaches during the fall is
v=>5m/s, ¢c =3 x 10® m/s is the constant of the speed of light, and f.
is the central frequency of 2.42 GHz. Therefore, during the thresholding
process, values within the range of the maximum Doppler frequency and
the center frequency of the pilot subcarrier were preserved. The signals
resulting from this pre-processing and their principal components are shown
in Figures 5.2 and 5.3.

On the other hand, the variations of the Doppler signatures can be an-
alyzed using a great variety of time-frequency analysis techniques. How-
ever, the analysis of spectrograms is a technique that has been widely used
in non-stationary RF signals and the identification of interferences since it
provides a graphical representation of the signal components. Furthermore,
it shows the spectral density of the signal over time, which can be used to
analyze how its energy is distributed and determine the patterns of each
experimental scenario. The spectrograms of each event recorded during the
experiments were computed using the concepts presented in [49]. Figure 5.4
shows the spectrogram of a fall event and some of its principal frequency
components. The Figure 5.5 shows a spectrogram in a scenario where a con-
stant walk was performed. The changes in the Doppler signatures at these
time intervals demonstrate that characteristics of Doppler signatures can be
profiled to differentiate between them. Therefore, we selected this technique
to construct a Doppler Signature Frequency Diversity dataset that can be
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Figure 5.5: Spectrogram computed for walking event.

analyzed and characterized by automatic learning classification models.

5.6 Doppler signatures as features in a clas-
sification model

Different classification methods based on artificial intelligence can be ap-
plied to categorize Doppler signals and use them as a detection parameter
in a fall detection system. These techniques have the advantage that they
can be used to build intelligent data-based systems capable of automating
applications with a high data dimension, such as monitoring human activ-
ities. They can be divided into two main approaches: feature-based and
model-based.

5.6.1 Feature-based

In the feature-based classification approach, a set of desired features is ini-
tially extracted, which will then be clustered according to the class they
belong to, as shown in Figure 5.6. With these algorithms, the separabil-
ity of the classes depends on the variability of the extracted features, so it
must be guaranteed that redundant information will be discarded. In our
case, walking is a sequential low-speed activity, while when a person falls,
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it is unexpectedly at a high speed. However, as shown in Figures 5.2 and
5.3, the Doppler signatures have similar dispersion and power, making the
information redundant and complex to discard. Therefore, with this classi-
fication approach, the automation of falling sensing and detection requires
many additional processes and analyses.

5.6.2 Model-based

On the other hand, in the model-based approach, the feature extraction
stage is carried out automatically (Figure 5.7). This is possible because the
data is abstracted as information models using discriminative functions that
extract its highest-level features [24]. Furthermore, DL is a model-based
approach that uses artificial neural networks (ANN) with different discrim-
inative functions depending on the application. There is a neural network
that has been used to analyze and discriminate information from time-series
data known as RNN [91]. These networks are well suited to applications
that contain sequential event data such as a person’s walking and can de-
tect transient anomalies in those patterns such as falls. Specifically, we use
a variant of these networks known as LSTM because it minimizes gradient
fading issues [24].

We take the architecture of a LSTM network following the methodology
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Figure 5.8: LSTM multi-class confusion matrix results, where the classes
correspond to (1) falling event and (2) walking.

shown in [20]. In our case, the LSTM network took 80% of the computed
spectrograms to construct the training set of the network and 20% for the
test. Furthermore, two sequential layers of 100 artificial neurons activated by
a rectified linear unit (ReLU) were taken. In the network, a dense layer with
a soft-max activation function was used to classify the two activities. Finally,
the performance of the network can be measured through the confusion
matrix and its associated metrics (accuracy, precision, recall, and specificity)
[26]. These metrics will determine if the Doppler signatures contain the
necessary information to distinguish each of the activities and be used as
the main feature of fall detection systems.

5.7 Results

In Figure 5.8, we present the confusion matrix that is generated with the
data resulting from the LSTM classification model. The class marked as 1
corresponds to the event of falls whose Doppler signatures were recorded in
the spectrograms. Class 2 includes all the events where the walking of a
person was recorded.

The system’s accuracy was 93.63%, which indicates that most of the
samples were correctly classified and the performance of the model is high.
The precision of the system detecting falls was 98.10%. These values indicate
that the model can extract the most relevant information from the Doppler
signatures of a fall and accurately predict the class to which they were
assigned. Therefore, a DL system with these characteristics can be adjusted
to the analysis of this data and have an adequate performance to detect
the majority of falling events. However, it is necessary to compare the
performance obtained with these metrics with the others provided by the
confusion matrix to have a complete vision of the model.

Table 5.1 presents the results of the rest of the performance metrics that
were computed using the output data of the LSTM classification algorithm.
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Table 5.1: Performance metrics computed from the resulting confusion ma-
trix of LSTM algorithm.

Metric Falling Walking

Precision 98.10% 92.70%
Recall 73.80%  99.60%
Specificity 98.10%  92.68%

The values show that by using the information from the Doppler signatures,
the accuracy rates detecting both movements are elevated. This represents
an increase in precision in detecting multiple classes compared to systems
that only use the information of a single carrier signal such as those shown
in [20]. However, the recall in the detection of falls was 73.80%. A low
recall percentage indicates that some samples did not register a pattern in
the Doppler signatures close enough to that learned by the model, so they
were not detected.

One of the reasons that the Doppler signatures did not record redundant
dispersion patterns across all measurements was variations in the acceler-
ation of falls. Our experiments involved a series of fall simulations with a
group of people with different physical characteristics. In some individuals,
the acceleration recorded during their movement was low, causing the fre-
quency dispersion to have values similar to the noise components or static
objects. Therefore, it is necessary to consider a measurement equipment con-
figuration that allows a suitable trade-off between resolution and acquisition
time.

Finally, another of the considerations is the bandwidth of the pilot sub-
carriers. When the subcarrier signals have an adequate separation, noise
decorrelation is promoted, which prevents the appearance of artifacts or
interference. In our case, three subcarriers were used with a separation be-
tween them limited by the general-purpose measurement equipment. This
separation may not be enough to avoid interference between the dispersions
of each subcarrier. Therefore, the extraction of features from Doppler sig-
natures is a challenge for DL algorithms. However, if it is considered that
the same scheme can operate under the characteristics of the IEEE 802.11
g and n communication protocols where the separation between carriers is
up to 20 MHz, these problems can be mitigated.

5.8 Conclusions
This chapter has introduced a RS scheme for fall detection using a frequency
diversity technique to improve the accuracy rate by spreading the informa-

tion extracted from Doppler signatures. The main contribution of this work
was to use general-purpose equipment to demonstrate that frequency diver-
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sity is an alternative technique to using multiple antennas to extract more
redundant data from RF signals. The precision rates obtained for the exper-
iments with authentic fall events showed the feasibility of integrating this
scheme into the joint RS and communications paradigm. Furthermore, the
information on the Doppler signatures recorded by the pilot subcarriers can
be extracted without a complex process. Therefore, they are features that
can be exploited for falling events detection in a signal diversity scheme.

The principal features of the Doppler signatures were extracted by a
DL-based classification model. This is the model that best adapted to the
needs of the system after having made a comparison between the two most
used approaches for data classification. Due to the recurring nature of the
recorded movements, the LSTM algorithm was used to determine if the
precision rate in detecting falls could reach high percentages. The results
demonstrated the feasibility of using this scheme for RS systems in interior
environments. However, the recall of the system needs to be increased to
prevent the rate of true negatives from being high. In future work, we will
use the frequency diversity technique under conditions more similar to those
used by commercial devices to improve the resolution-capture time trade-off
and improve recall.
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Chapter

Experimental Assessment of a
Forward-Collision Warning System
Fusing Deep Learning and
Decentralized Radio Sensing

Connected and autonomous vehicles rely on a variety of sensors for timely
detection of nearby vehicles, whose proximity and trajectory could pose a
collision threat. In this context, radio sensing (RS) is emerging as a com-
plement to the capacities of acoustic, infrared, laser, and video sensors. RS
is gaining momentum also due to its potential for seamless integration with
radio communication systems, through a common design paradigm known
as joint RS and communications (JRSAC). However, current proposals for
vehicular RS are based on radar systems, whose integration into the JRSAC
framework is far from trivial, as the waveforms and signal frame structure
of radars are not tailored for data transport. Moreover, vehicular radar
systems follow a centralized approach in which each vehicle independently
performs the transmission, reception, and processing of its own radar signal.
The integration of this centralized sensing approach with vehicular commu-
nication systems (VCS) operating in half-duplex mode is also a nontrivial
open problem. This chapter explores an alternative for RS based on a decen-
tralized approach where a vehicle in receiving mode employs a continuous
waveform (CW) transmitted by a second vehicle as a probe signal to detect
oncoming vehicles and warn the driver of a potential forward collision. Such
a CW can easily be incorporated as a pilot signal within the data frame
of current multicarrier VCS. Detection of oncoming vehicles is performed
by a deep-learning (DL) module that analyzes the features of the Doppler

This chapter forms part of the paper titled “Experimental Assessment of a Forward-
Collision Warning System Fusing Deep Learning and Decentralized Radio Sensing” sub-
mitted in Intelligent Transportation Systems Magazine, IEEE. The authors gave their
consent to use their work as an integral part of this dissertation.
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signature imprinted on the CW probe signal by a rapidly approaching vehi-
cle. This decentralized CW RS approach was validated experimentally using
data collected by a series of field trials conducted in a high-speed highway
near the city of San Luis Potosi, México. Detection performance was eval-
uated for two different DL models: a long short-term memory network and
a convolutional neural network. The obtained results demonstrate the fea-
sibility of a forward collision warning system based on the fusion of DL and

decentralized CW RS.

6.1 Introduction

Forward collisions between vehicles are road accidents that cost many lives
each year [72]. Such accidents are caused mainly by driver distractions and
external factors affecting the driver’s capacity to perceive other vehicles,
such as weather and traffic conditions. This problem has prompted the de-
velopment of driving assistance systems that employ a variety of sensors for
automatic detection and alerting of vehicles whose proximity and trajectory
could pose a collision threat. The sensors employed for such applications
are primarily based on ultrasonic [94], infrared [95], video [1,2], and laser [3]
technology. These sensing technologies are well understood and already in-
corporated in modern smart vehicles. Nonetheless, further research is still
required to cover the limitations inherent to each type of sensors. For exam-
ple, ultrasonic and infrared sensors are affected by weather factors like fog,
snow, and rain. On the other hand, video sensors depend on good lighting,
whereas laser-based sensors rely on a precise pointing to target.

Radio sensing (RS) is emerging as an option to complement the capacities
of the aforementioned sensors. This technology leverages on the mechanisms
of reflection, scattering and Doppler dispersion of radio-frequency (RF) sig-
nals for target detection, i.e., for the detection of nearby vehicles. Envi-
ronmental conditions and the lack of a line-of-sight (LOS) with the target
do not represent major limitations for RS systems. Moreover, the interest
in RS has increased in recent years due to the potential of this technology
for seamless integration with vehicular communication systems, through a
design paradigm known as joint RS and communications (JRSAC) [96]. In
this paradigm, the sensing process and the transmission of data between
vehicles are simultaneously performed by means of a common RF signal.
This can be accomplished because the hardware resources required for both
applications are similar and can be shared to transmit and receive a single
signal that serves both purposes.

Radars are the prevailing form of RS. In fact, some forward collision
warning systems based on radar technology have already been developed
and are in the verge of market deployment. However, the integration of
radars into the JRSAC framework is a challenging research problem, mainly
because the waveforms and signal frame structure of radars are not tai-
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lored for data transport. An increasing number of research projects are
currently underway with the aim of finding efficient solutions to this prob-
lem, e.g., see [97,98]. The integration of radars within the JRSAC framework
is further complicated by the centralized approach of these sensing systems,
whereby each vehicle independently performs the transmission, reception,
and processing of its own radar signal. Such a centralized approach entails
full-duplex transmission capacities. This is in contrast with the characteris-
tics of vehicular communication systems (VCS) based on current dedicated
short-range communications (DSRC) [22] and cellular vehicle-to-everything
(C-V2X) [23] standards, whose specifications consider a half-duplex (simplex
or dual-simplex) transmission mode.

In this chapter, we explore an alternative for automatic forward colli-
sion alerting that follows a decentralized RS approach, where a vehicle in
receiving mode employs an RF signal transmitted by a second vehicle as a
probe to detect other oncoming vehicles. The probe signal is a continuous
waveform (CW) that can be easily appended to the data signal in a pro-
cess analogous to the transmission of pilot subcarriers within the data frame
of modern multicarrier communication systems. Oncoming vehicles are de-
tected by the receiver (Rx) based on the Doppler signature that a rapidly
approaching vehicle imprints on the CW signal. A deep-learning (DL) mod-
ule is employed for the timely recognition of such Doppler signatures. We
assessed the feasibility of such a decentralized CW RS approach by a series
of field trials conducted in a high-speed highway near the city of San Luis
Potosi, México. The aim of these experiments was to collect realistic infor-
mation about the Doppler signatures produced by vehicles approaching the
Rx on a potential collision path. The aim was also to gather an empirical
data set comprising a variety of Doppler signatures produced not only by
oncoming vehicles but also by other relevant events. Using this data set, we
evaluated the detection performance of our decentralized CW RS system by
considering two different DL models: a long short-term memory (LSTM)
network and a convolutional neural network (CNN). To the best of the au-
thors’ knowledge, this is the first experimental demonstration of a forward
collision warning system based on the fusion of DL and a decentralized CW
RS approach. We note, nonetheless, that a CW RS system for vehicle-to-
infrastructure communications was presented previously in [99]. However,
this system follows a centralized approach.

The remainder of this chapter is organized as follows. The RS scenario
that motivates this research work is described in detail in Section 6.2. Section
6.3 provides an overview of our measurement platform and experimental
protocol. The empirical data collected during our measurement experiments
are described in Sections 6.4 and 6.5. Section 6.6 shows the architecture of
the DL algorithms and the data set generated by the experiments. In Section
6.7 we present and discuss the results of the system performance evaluation.
Finally, we give our conclusions in Section 6.8.
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Figure 6.1: Centralized approach for a JRSAC system, where the solid blue
and red lines correspond to the communication link and the dotted green
lines represent the reflected component of the signal for the RS.

6.2 The forward-collision warning system based
on decentralized CW RS and DL

The focus of this research work is on the automatic alerting of a potential
forward collision under the conditions illustrated in Fig. 6.1. In particular,
we consider a RS scenario where two vehicles are driving in the same direc-
tion, one behind the other. The rear vehicle transmits a large number of
data frames on an uninterrupted basis to the vehicle in front, as in the case
of video streaming. The communications between the transmitter (7x) and
Ry are assumed to follow a half-duplex vehicular communications standard,
implying that only one vehicle can transmit at a time. The two vehicles are
approached from ahead by a third vehicle driving on an adjacent lane, in
a trajectory that poses a potential risk of frontal collision for the Ryx. In
the centralized JRSAC framework, each vehicle relies on the transmission
of its own RF signal for threat detection. Hence, in the scenario illustrated
in Fig. 6.1, the Tx would be in capacity of detecting the oncoming vehicle,
but the Ry would be unable to do it, as it should remain silent during the
reception of data of the Tx. The situation can be even more critical for the
Ry if its visibility toward the oncoming vehicle is compromised, e.g., by a
fog bank, as depicted in Fig. 6.1. The Rx could of course maintain its sens-
ing capacities, for example, if it switches from a JRSAC mode to a disjoint
mode in which the transmission of a pure sensing signal is activated at a
frequency band different from that of the communications signal. However,
this solution requires additional hardware resources and is not in line with
the premise of using the same signal for data transmission and sensing.
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Figure 6.2: Block diagram of the forward collision warning system in the
Rx.

An alternative that does not depend on additional hardware resources is
to extract information about events happening around the Rx directly from
the data signal of the T'x. This can be accomplished, e.g., by analyzing the
spectral features of the signal reflected toward the Rx by the oncoming vehi-
cle (the trajectory of this signal is indicated by the blue arrows in Fig. 6.1).
Such a decentralized RS approach does not require re-engineering of the
multicarrier waveforms of current VCS. This is because the spectral signa-
ture of the oncoming vehicles can be detected by computing and analyzing
the Doppler spectrogram of the pilot signals embedded in these waveforms.
The features of the Doppler signature imprinted by the oncoming vehicle on
the spectrogram of any of such pilot signals can be characterized and classi-
fied with the aid of modern DL techniques. A flow diagram of the received
signal processing required to implement this idea is shown in Fig. 6.2. This
detection strategy is similar to that described in [20] for the detection of
human falls employing WiFi signals for RS. However, the feasibility of this
idea for decentralized RS in vehicular environments has yet to be verified.
This paper aims to provide insight in that regard by employing empirical
data to train and assess the performance of a DL-based system for the auto-
matic detection of oncoming vehicles. The first step toward this goal is the
gathering of empirical data to obtain a realistic description of the Doppler
signatures of oncoming vehicles. Such a task is described in the following
section.
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Table 6.1: Overview of the measurement equipment configurations.

Equipment Parameter Value

760 MHz

Carrier frequency

Transmitter (Tx) 2.5 GHz
Output level 20 dBm
760 MHz
Central frequency 9 5 Gl
. Frequency span 1.5 kHz
Receiver (Rx) 2 kHz
Sample points 1001
Resolution bandwidth 10 Hz
Sweep time 0.40 s
Attenuation 0dB
Pre-amp Oft

6.3 The Experimental Setup

6.3.1 The Measurement Platform

For our measurement experiments, we employed a CW channel sounding
platform as the one described in [28] to mimic the transmission and recep-
tion of an unmodulated pilot signal. The platform is comprised of a RF
signal generator that is carried by the Ty and a spectrum analyzer mounted
on the Ry. We conducted our experiments by considering two different
frequencies for the CW probe signals: one frequency at 760 MHz, and the
other at 2.5 GHz. The former frequency is reserved in some countries, such
as Japan, for VCS applications. The latter frequency is in the range of the
IEEE 802.11g standard for WiF1i transmissions [53]. We did not include mea-
surements at the frequency band of the DSRC standards, i.e., at 5.9 GHz,
because this band is beyond reach to the measurement equipment that was
available for our experiments. Table 6.1 provides an overview of the values
chosen to configure the RF generator and spectrum analyzer for the two
frequencies of our experiments. The Tx and the Ry were also equipped
with video recording and global positioning system (GPS) modules. These
components are necessary to extract information of velocity, position, and
for identification of the events that occurred around the Ry during the ex-
periments.

6.3.2 The measurement scenario

The location chosen for our field trials was a high-speed highway near the
city of San Luis Potosi, México. Specifically, our measurement route was
a 21 km stretch of the Mexican federal highway 80D, as shown in Fig. 6.3.
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Figure 6.3: The route followed by the vehicles during the experiments.

This highway presents the characteristics of the RS scenario described in
the previous section: a high-speed two-lanes wide road that passes through
a mountainous chain [100]. Data was recorded along a measurement circuit
between points A and B in Fig. 6.3. This circuit takes 30 to 35 minutes to
complete, depending on traffic conditions. The T'x remained behind the Ry
at all times during the experiments, maintaining a separation distance with
the Ry between 100 and 250 m. The speed of these vehicles ranged from
80 to 120 km/h. For each of the two frequencies (760 MHz and 2.5 GHz)
of the CW signal, a data set was recorded uninterruptedly along a route
comprising two circuits.

6.4 Empirical characterization of the Doppler
signature of an oncoming vehicle

With the settings of Table 6.1, our measurement platform was able to record
almost three snapshots per second of the received CW signal’s Doppler spec-
trum. Figure 6.4 shows two snapshots of the Doppler spectra recorded at
760 MHz (Fig. 6.4a) and 2.5 GHz (Fig. 6.4b) during time instants at which
the Rx was being approached by an oncoming vehicle. These two spectra
illustrate the typical frequency dispersion effects produced by the Doppler
effect and multipath propagation during the mobile reception of a CW sig-
nal. Specifically, we can identify the LOS component of the received signal
as the spectral spike of the highest power, which is located around the origin
(Doppler shift equal to zero). In addition, we can observe the presence of
other high-power elements within a frequency band centered at the origin
and bounded by a frequency of £169 Hz for the spectrum at 760 MHz and
4402 Hz for the spectrum at 2.5 GHz. The spectral elements in this band
correspond to the non-LOS (NLOS) components of the received signal ar-

M.Sc. Jorge Daniel Cardenas Amaya



84

riving at the Rx by the mechanisms of reflection and scattering from static
objects around the road. The boundaries of this band of NLOS power can
be determined following the well-known formula of the maximum Doppler
shift due to reflection/scattering by static objects

UT<t> -+ ’UR(t>

Afmax - .fc (61)

where vp(t) and vg(t) are the instantaneous speeds of the Ty and the Rx
respectively, ¢ is the speed of light and f. is the carrier frequency. For fre-
quencies outside the interval [—A fiax, A fmax), the measured Doppler spectra
comprise mostly noise. However, the examples shown in Fig. 6.4 show an
additional spectral spike above the noise level and located at a frequency
outside of [—A finax; A fimax)- This term is caused by the reflection of the CW
signal from the oncoming vehicle. In fact, we can infer that the oncoming
vehicle is approaching the Ry if the frequency of such a spectral spike is
larger than A f,.«, as in the case shown in Fig. 6.4a. In turn, we can in-
fer that the oncoming vehicle has already passed by the Ry and is driving
away if this spectral spike has a negative frequency smaller than A f.«, as
in Fig. 6.4b.

Figure 6.5 shows a complete sequence of contiguous Doppler spectra
recorded during an event involving an oncoming vehicle. The spectral sig-
nature shown in this figure contains all the information required by the Rx to
detect the oncoming vehicle. Nonetheless, only the first part of the signature
is relevant for the detection of the approaching vehicle, i.e., the part where
the frequency of the spectral spike observed outside of [—A fiax, A fimax] 1S
positive and nearly constant. The middle part, where an abrupt drift from a
positive frequency to a negative frequency is observed, is not helpful because
this drifting effect indicates that the two vehicles are practically one besides
the other, which would imply a possible collision.

6.5 Empirical data sets for the DL-based de-
tection of oncoming vehicles

The automatic classification and identification of the first part of the Doppler
signature of an oncoming vehicle is addressed in this paper by applying DL
tools. To apply these tools, it is necessary to denoise and correct the slow
frequency drift of the measured Doppler spectra resulting from temperature
variations of the measurement equipment. We followed the methods de-
scribed in [28] to correct such issues and to synchronize the obtained data
sets with the corresponding video files for visual inspection. Figure 6.6
shows two examples of the pre-processed (sanitized) Doppler spectrograms
recorded at 760 MHz and 2.5 GHz. The LOS components of the received
signal can be identified by the line in magenta, whereas the frequency band
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Figure 6.4: Components identified in the Doppler spectra using the maxi-
mum Doppler shift formula.

containing NLOS power received via reflections from static objects forms the
contour shown in blue/light-blue. The length of both spectrograms spans
only one half of the measurement circuit between points A and B. The ab-
sence of NLOS power at the beginning and the end of these spectrograms is
due to the fact that the T'x and Rx made full stops for a few minutes after
completing each trip between points A and B. This was done for recording
short control data sequences.

Each data set collected at 760 MHz and 2.5 GHz is comprised of four
spectrograms like those shown in Fig. 6.6. The data set at 760 MHz is
formed by a sequence of 6,553 Doppler spectra, for a total of 6,553x1001
= 6,559,553 time-frequency (TF) samples. On the other hand, the data set
at 2.5 GHz comprises a sequence of 6,047 spectra, for a total of 6,047x1001
= 6,053,047 TF samples. It is convenient to reduce the bulk of data that
needs to be processes in order to speed-up the execution time of the DL
algorithms. From our analysis of the principal components of the recorded
spectra, the data set at 760 MHz reveals that the meaningful TF samples
are within the interval of 600 Hz. This allows to reduce the number of
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Figure 6.5: A sequence of characteristic Doppler signatures of an event in-
volving an oncoming vehicle.

frequency samples per measured spectrum from 1001 to 425, resulting in
a total of 2,785,025 TF samples to be processed by the DL algorithms.
However, such a dimensionality reduction is not possible for the data set
at 2.5 GHz, because the Doppler dispersion at 2.5 GHz is more than three
times higher than that observed at 760 MHz and the meaningful bandwidth
of analysis is within 1,000 Hz for the signal transmitted at 2.5 GHz.

For the automatic detection of oncoming vehicles, the measured Doppler
spectra in each data set were classified by considering four distinct events:
static Tx and Rx (no-activity), moving Tx and Rx and no oncoming ve-
hicle (no-oncoming vehicle), moving Tx and Ry and an oncoming vehicle
approaching the Ry (vehicle approaching), moving Tx and Rx and an on-
coming vehicle driving away from the Ry (vehicle driving away). Figure 6.7
shows examples of the spectrograms recorded for each class. The spectro-
gram shown in Fig. 6.7a illustrates the case where both the T'x and the Ry
are static, therefore producing no frequency dispersion of the received CW
signal. Figure 6.7b shows the case where these two vehicles are in motion
and no other vehicle is nearby. The event when an oncoming vehicle is ap-
proaching the Rx is exemplified in Fig. 6.7c, whereas Fig. 6.7d illustrates
the event when the oncoming vehicle is driving away from the Rx.

6.6 Deep learning for forward-collision avoid-
ance

The use of data science for vehicular applications has been widely explored
[101,102]. One of the techniques that has raised most interest is DL [24].
This mathematical model aims to learn certain features of a data set by ap-
plying multiple layers of artificial neural networks. The typical architecture
of a DL-based classification algorithm is comprised of a data training stage,
a testing stage, and a third stage for the interpretation or validation of the
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Figure 6.6: Pre-processed spectrograms delimiting the contour and preserv-
ing the Doppler signatures.

algorithm. One of the advantages by which DL surpasses other techniques
is that the extraction of the principal features of the data is done auto-
matically. Furthermore, once DL models learn to recognize the principal
features through the training stage, they can use them to classify new data.
This reduces the computational cost once the network is inferred [103,104].
However, the accuracy in this case directly depends on the amount of data
entered into the networks [24]. Therefore, it is important to have a large
data set that allows algorithms to improve their performance.

6.6.1 Long short-term memory network

In the analysis of sequential data, recurrent neural networks (RNN) have
been widely used [105,106]. However, in systems where the data sequences
are very long, these networks present issues with the vanishing gradient.
This makes it difficult for the network to have "memory" of the previous
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Figure 6.7: Spectrograms of each registered event that were labeled and
separated into 4 different classes within the data set.

data. A variant of RNN known as an LSTM network has become popular to
compensate for these practical issues. The use of LSTM networks in vehicu-
lar applications has presented relevant results already [101,107]. We use two
LSTM layers for the design of our classification system. The architecture of
our LSTM network is shown in Fig. 6.8. The input data must have a three-
dimensional representation corresponding to the batch size, the time step,
and the number of features of the data set. The time step was set equal to
one since we considered taking the smallest value of the observation window.
This is because response time is essential to avoid possible collisions. Taking
a larger window size would reduce the response time of our collision warning
system. On the other hand, the number of features corresponds to the data
registered in each frequency spectrum and depends on the frequency span of
the measurement. The network setting is shown in Table 6.2. Finally, the
network uses a dense layer at the output to classify the samples into any of
the four classes that were defined in Section 6.5.

6.6.2 Convolutional neural network

The measured spectrograms are a long data sequence that can be challeng-
ing for RNNs to analyze. Hence, to circumvent this issue, we implemented
a different DL technique. CNN are popular because their architecture al-
lows them to learn directly from input data without the need for a human-
supervised feature extraction stage. Furthermore, this model can reduce the
dimensionality of the data and maintain only the principal features [102]. In
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Figure 6.8: Neural network architecture using two layers of LSTM for feature
extraction and a dense layer for classification.

Table 6.2: LSTM network setting.

Parameter Value
Epoch 800
Batch size (training) 5227
Batch size (test) 1326
Time step 1
Hidden nodes 100
Features (425-1001)

CNN, a series of digital filters are used to compute the convolution of the in-
put data and build a feature map for the classification process. The elements
of our CNN are shown in Fig. 6.9. Data is processed by two convolution
layers with an activation function for each set of filters and a specified kernel
size. The number of filters can change according to the application in which
they are used and depends on the feature map that is desired to be obtained.
However, the filters must be sufficient to extract the most relevant features
without consuming many computational resources for their implementation.
As in the case of the LSTM network, data is feed in a configuration that
includes batch size, time step, and the number of features. The chosen batch
size is the same as for the LSTM case. The time step oscillates because in
a CNN, the information is reduced by the network and it is necessary to
maintain at least a minimum size to carry out the operations. A minimum
range between 5 and 10 samples in the window observation size was selected
to minimize the response time of the system. The number of features in
this case also depends on the frequency span of the experimentation. On
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Figure 6.9: Neural network architecture using two layers of CNN for feature
extraction, a max pooling layer for data reduction and a dense layer for
classification.

Table 6.3: CNN setting.

Parameter Value
Epoch 800
Batch size (training) 5227
Batch size (test) 1326
Stride 1
Time step (5-10)
Number of filters (8-64)
Kernel size 3
Pool size 2
Features (425-1001)

the other hand, the reduction in data dimensionality is carried out by the
pooling layers. In a max pooling layer, the maximum values of the feature
map of the convolution layer are taken and the rest are discarded. Further-
more, the size of the pooling operation has to be less than the size of the
feature map and is commonly reduced by a factor of two. The last layer of
the architecture is a fully connected layer that is used to process the reduced
data and order it in such a way that the dense layer can receive it. This
is achieved through a flatten layer. The summary of the values used in the
network configuration is shown in Table 6.3.
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6.6.3 Neural networks performance metrics

We considered four metrics to evaluate and compare the performance of the
LSTM and CNN algorithms: accuracy, precision, recall, and specificity [26].
These metrics are in a normalized range that goes from zero to one (0%
and 100%, respectively). Accuracy refers to how close the classification
result was to the true values analyzed. Precision indicates how well each
class was classified. The recall is the proportion of correctly classified data
versus incorrectly classified data. And specificity expresses how effectively
the model fits into identifying the classes. These metrics are computed using
the true positives (TP), true negatives (TN), false negatives (FN), and false
positives (FP) values. A TP is the number of samples correctly classified
for a class. The TN refers to when the model has succeeded in properly
classifying the samples that do not belong to the class being identified. The
FN are the misclassified samples of a class. FP are samples from other
classes that were classified as part of a class to which they do not belong.
Therefore, performance metrics are defined as follows:

TP+TN

ACCUTGCy:TP+FP+FN+TN’ (6.2)
Precision = TPY:FPFP’ (6.3)
Recall = TP}:FPFN’ (6.4)
Specificity = T&D (6.5)

Furthermore, we use the Rx-operating characteristic (ROC) curve and
the area under the ROC curve (AUC) which are obtained from the relation-
ship between the rates of TP and FP values. This allows us to quantitatively
estimate the performance of the model. An AUC close to 1 indicates a better
capacity to distinguish classes. The results of all these metrics are shown in
the next section.

6.7 Results and discussion

Using the data sets obtained for the CW probe signals at 760 MHz and
2.5 GHz, we classified the samples through the LSTM and CNN algorithms.
For the learning stage, 80% of the randomly selected samples were used and
the remaining 20% were used for validation. The accuracy obtained in the
case of experiments at 760 MHz was 96.94% this represents that the major-
ity of the events of all the classes were correctly classified. With the data
obtained from the 2.5 GHz signal, the accuracy was 96.53%. However, even
though the accuracy values in both cases are high, the class of vehicle ap-
proaching is the most important and determines the efficiency of the system.
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Table 6.4: LSTM performance evaluation.

Metric No activity No oncoming Vehicle Vehicle
vehicle approaching driving away
760 MHz | 2.5 GHz | 760 MHz | 2.5 GHz | 760 MHz | 2.5 GHz | 760 MHz | 2.5 GHz

Precision | 97.60% | 98.70% | 98.00% | 96.40% | 88.50% | 98.60% | 90.00% | 98.00%
Recall 99.60% | 98.70% | 97.80% | 99.10% | 75.40% | 90.80% | 95.70% | 93.60%
Specificity | 99.41% | 99.68% | 95.53% | 95.31% | 99.51% | 99.80% | 99.15% | 99.70%
ROC 100% 99.00% | 97.00% | 97.00% | 87.00% | 95.00% | 97.00% | 97.00%

Table 6.5: CNN performance evaluation.

Metric No activity No oncoming Vehicle Vehicle
vehicle approaching driving away
760 MHz | 2.5 GHz | 760 MHz | 2.5 GHz | 760 MHz | 2.5 GHz | 760 MHz | 2.5 GHz

Precision | 96.78% | 97.70% | 96.10% | 92.90% | 68.40% | 94.50% | 78.70% | 97.90%
Recall 97.50% | 97.70% | 94.80% | 97.90% | 63.90% | 79.10% | 90.40% | 91.10%
Specificity | 99.18% | 99.46% | 91.11% | 90.58% | 98.48% | 99.31% | 98.00% | 99.70%
ROC 98.00% | 99.00% | 93.00% | 94.00% | 81.00% | 89.00% | 94.00% | 95.00%

The results of the performance parameters of the LSTM model using both
data sets are shown in Table 6.4. We compare the precision and sensitivity
of this class for both data sets. It was found that there is a higher percentage
in the experiments with signals at 2.5 GHz. The 98.60% precision means
that a high rate of samples was correctly classified and the system can de-
tect if a car is approaching. Therefore, in a collision avoidance system, the
results using the 2.5 GHz data set have better reliability.

On the other hand, for the CNN classification model, the accuracy of the
system using the signals captured at 760 MHz was 93.68%. Using the data
set obtained with the 2.5 GHz signals, the algorithm obtained an accuracy
of 94.61%. These results were calculated to measure, in general terms, the
capacity of the system to classify the multiple classes. The results of the
performance parameters computed with both data sets are shown in Table
6.5. In this case, it can be seen that the detection accuracy of oncoming
vehicles was 68.40% for the 760 MHz data set and 94.50% for the 2.5 GHz
data. In both cases, the precision rates are lower than those obtained by
the LSTM algorithm. Furthermore, examining the results in general terms,
a clear difference between the two data sets is highlighted. This indicates
that by using a higher central frequency of the CW signal the resolution
of the Doppler signatures of relevant events increases and facilitates their
characterization.

Table 6.6 shows the classification performance results for each model
using the different data sets. As can be seen, the calculated AUC values
were close to 1 for most classes. This indicates that the evaluated models
had a high performance during their execution. According to these results,
the DL LSTM algorithm obtained the highest classification performance in
the event of approaching vehicles when using the data set containing the
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Table 6.6: Area under the ROC curve (AUC).

Dataset 760 MHz 2.5 GHz
DL model LSTM | CNN | LSTM | CNN
AUC no activity 1.0 098 | 0.99 | 0.99

AUC no oncoming vehicle | 0.97 | 0.93 0.97 | 0.94
AUC vehicle approaching | 0.87 | 0.81 0.95 | 0.89
AUC vehicle driving away | 0.97 | 0.94 | 0.97 | 0.95

signals captured at 2.5 GHz. This model is known to have difficulties in
retaining relevant information during the training stage. However, even
though our data set contains several features, the classification model has
satisfactory performance. In the case of the models that used the data set
containing the signals captured at 760 MHz, it is shown that the model had
the lowest performance in classifying the approaching vehicles. This may be
because, during the pre-processing stage of the Doppler signatures, some of
its principal features faded. Therefore, it is necessary to consider that the
pre-processing stage has to be adapted if the carrier frequency is in another
range to adequately preserve the features of their Doppler signatures.

Our system detects oncoming vehicles with a precision that can be com-
pared to some of the published works on vehicle detection and recognition.
Figure 6.10 shows a comparison between the precision percentages achieved
by the different configurations of our platform and the methodologies used
in other works. For example, in [108] (methodology #1) they used the WiFi
channel state information to detect vehicles with a methodology based on
machine learning and a support vector machine algorithm. Our system uses
a DL approach and the accuracy achieved was, in some cases, higher. In [3]
(methodology #2) a fusion between a vision system and the information
from a laser sensor was used to detect vehicles at night. Therefore, the
implementation requires specialized equipment which makes it expensive.
In our case, we use general-purpose equipment to perform vehicle sensing
under different environmental conditions. The authors in [109] (methodol-
ogy #3) proposes an innovative fusion of a radar and a vision system to
assist autonomous cars. The resolution that radar systems can achieve is
very practical for vehicle maneuver detection tasks. However, this requires
specialized equipment and cannot be easily integrated into VCS. In the case
of [1] (methodology #4), a panoramic camera and a DL approach were used,
implementing a deep CNN network architecture. The principal disadvantage
is that these systems must always maintain a direct LOS with the car, which
cannot always be guaranteed. Our methodologies (#5-#8) work using the
multi-path effect so they do not require a direct LOS and oncoming vehicles
can be detected with a high precision rate.

Another critical component in this class of systems is the time it takes
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Figure 6.10: Comparison of precision achieved by different vehicle detection
systems.

for vehicles to be warned of oncoming vehicles. Our DL models take this
into account as part of their architecture. Both DL algorithms are trained
with a sequential data set on which the warning signal can be emitted once
the first Doppler signature of an oncoming vehicle is captured. In the case
of the 760 MHz configuration, drivers could be alerted 0.92 s on average
before intersecting an oncoming vehicle, with a standard deviation of 0.75 s.
Furthermore, the maximum time for the alert was 4.4s before a possible
collision. On the other hand, with a configuration using the 2.5 GHz signal,
the average detection time was 0.94s with a standard deviation of 1.04 s.
Moreover, the maximum detection time before the intersection was 9.2 s.
According to several investigations, on average, people need between 390 and
600 milliseconds to detect and react to hazards on the road [110]. Therefore,
both systems based on a decentralized approach fused with DL classification
algorithms are capable of warning drivers with a sufficient time window for
decision-making.

Finally, the system had a favorable performance in the detection of events
through the classification algorithms. The proposed models reduce the com-
putational cost of the algorithms by not involving complex processes in their
architecture. Furthermore, the selected observation windows reduce the re-
action time of the system involving a minimum of samples to take a decision.
Therefore, several of these settings can be taken into consideration for real-
time event detection in future works.

UASLP — Posgrado en Ciencias de la Ingenieria September, 2023



Wireless Perception using Deep Learning for Vehicular and
Human Detection 95

6.8 Conclusion and open research problems

In this article, we experimentally validate the feasibility of a forward-collision
avoidance system based on a decentralized RS approach and the analysis of
the Doppler signatures of an oncoming vehicle. To compare and determine
the highest accuracy that our system can achieve, the performance of both
DL algorithms was compared using two different data sets. For both data
sets, 4 different classes of activities were labeled to test the robustness of
the system against different events. After several evaluations and tests by
the classification algorithms, it was found that the highest accuracy of the
system is achieved with the data set recorded at 2.5 GHz. Furthermore, with
the LSTM algorithm, it is possible to detect 98.6% of approaching vehicles
with a response time for the driver of up to 9.6 s. This demonstrates that
the decentralized RS approach described here is a feasible alternative for
forward-collision warning systems based on the new JRSAC paradigm.

On the other hand, it is necessary to explore different DL models that
can further improve the system accuracy, and increase the detection time
in order to allow for a timely reaction to these events. We address the
exploration of CNN algorithms that reduce the dimensionality of the data
and in this way, fewer operations are necessary to perform the classification.
However, in our case, it is still required to readjust the models to increase
the performance of the classification. In future work, we will look for the
fusion of both DL models presented here (CNN-LSTM), since the principal
characteristics of each one can be exploited.
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Conclusions

7.1 General conclusions

The present work showed the impact of the polarization and the radiation
pattern of the antennas of a RS system on the classification performance
of indoor environment events [18]. For this, a sensing platform was devel-
oped using general-purpose equipment. Furthermore, the platform used an
RF probe signal to measure fluctuations caused by the human movement
for a fall detection application. The information on the Doppler signatures
recorded during the experiments was processed to compute the spectro-
grams. To measure the impact of the orientation of the antennas, two
experimental scenarios were proposed, the scenario with the antennas in
HH orientation and the antennas in VV orientation. Afterward, the extrac-
tion of the features of the spectrograms computed in both scenarios was
through the PCA. The extracted features were fed into an SVM-based clas-
sification algorithm with which accuracy rates were obtained and compared.
The highest accuracies detecting falling events were obtained using the HH
scenario setup. Although, within the setting only the orientation of the
antennas changed, the VV scenario obtained accuracy rates below the HH
scenario. The results were compared with other RS systems that use a larger
number of antennas to increase their accuracy and I obtained a similar per-
formance. Therefore, the results showed that some limitations of RS-based
fall detection systems can be mitigated by considering the orientation of the
antennas.

The performance of a fall detection platform based on CW RF signals
was analyzed using a DL framework [20]. For this, a measurement campaign
was carried out to sense different activities and human falls using the mea-
surement platform. Activities include: walking, going up and down stairs, a
control activity where there was no movement, and falls. Subsequently, the
spectrograms of the received signals were computed. These include the char-
acteristic Doppler signatures of each activity. The LSTM network showed
an overall accuracy of 82.20% with a precision of 70.50% in detecting falls.
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CNN reported an accuracy of 78.09% and detecting falls obtained a preci-
sion of 68.70%. Although these results, it was found that the platform did
not have the necessary resolution to capture the dispersions caused by the
movements of going up and down stairs. Therefore, a protocol that did not
include this activity was considered because elderly people who live indepen-
dently tend to live in one-story houses. In this way, the LSTM algorithm
reached an accuracy of 94.95% and a precision of 92.10% in detecting falls.
On the other hand, the CNN improved its accuracy to 95.25% and a pre-
cision of 92.10% in detecting falls. These considerations demonstrated that
the sensing platform has high performance in identifying falling events, but
is not optimized to distinguish slow-moving activities.

The feasibility of using a frequency diversity technique to diversify the
information gathered to the RF signals of an RS-based fall detection system
was demonstrated. This technique does not require increasing the number
of antennas in the system and can be used to extract more remarkable in-
formation from some signal propagation effects. The propagation effect that
was used to demonstrate the feasibility of the frequency diversity technique
was the spread in the frequency of the Doppler signatures. The information
from the Doppler signatures of three pilot subcarriers generated by general-
purpose measurement equipment was extracted. Finally, the data set was
fed to a DL-based LSTM classification algorithm to determine the system’s
accuracy. The results showed high precision values can be achieved in fall
detection but with a low recall rate. Therefore, it was shown that clas-
sification performance can be improved without increasing the number of
antennas by using a frequency diversity technique.

Finally, the feasibility of a forward collision warning system based on a
decentralized RS approach was validated experimentally. To determine how
high the accuracy percentages could be in detecting oncoming vehicles, two
DL algorithms were compared: LSTM and CNN. Furthermore, two data
sets were used that included 4 different classes of events recorded during a
road trip. From each data set, the Doppler signature information contained
in the signal spectrograms was extracted and entered them as inputs into
the algorithms. It was shown that the maximum system accuracy rate was
obtained using the data set with 2.5 GHz signals. The accuracy of detect-
ing oncoming vehicles was 98.60% when using the LSTM algorithm with
a response time of 9.6 s for the drivers. Therefore, it was demonstrated
that a warning system using a decentralized RS approach can be a feasible
alternative to the JRSAC systems paradigm.

A summary of the most outstanding results of this work is shown in
the Table 7.1. These results are intended to establish an overview of the
efficiency of our proposed system and the principal applications.
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Table 7.1: Principal results obtained in the different works presented.

Application Technique / Model Precision Recall Specificity ROC

CW single probe signal /

LSTM 3 classes 92.10% 82.00%  94.41%  90.00%

Fall Detection

CW single probe signal /

CONN 3 classes 92.10% 81.5% 98.21%  90.00%

Fall Detection

Frequency diversity /
LSTM 2 classes

CW RF signal 2.5 GHz /
LSTM 4 classes

CW RF signal 2.5 GHz /
CNN 4 classes

Fall Detection 98.10% 73.80%  98.10%  87.00%

Vehicle Detection 98.60% 90.80%  99.80%  95.00%

Vehicle Detection 94.50% 79.10%  99.31%  89.00%

7.2 Future work

Future work in the wireless perception research line includes the use of dif-
ferent techniques and methodologies to improve the performance of the RS
platform. An interesting extension of the work includes the use of software-
defined radios to be able to adapt our signals to a greater number of com-
munication standards and verify the feasibility of their use. Furthermore,
one of our purposes is to find a setup that allows me to capture the Doppler
signatures of low-speed movements with fine granularity. In this way, the
multi-class analysis for fall detection can be more robust by differentiat-
ing between a more significant number of activities. Another of the major
drawbacks in the field of fall detection was the trade-off of the platform be-
tween acquisition time and frequency resolution. Therefore, the use of other
pre-processing or capture techniques to optimize these parameters remains
future work. Finally, the decision stages with which our platform will be
able to send alert messages about the detection of events were outside the
scope of this work, so they will be addressed in future works.

On the other hand, in the detection of oncoming vehicles, it is still nec-
essary to explore different DL approaches, which can reduce the processing
time for real-time applications. It is then proposed to explore some alter-
natives that include the fusion of different layers of neural networks that
reduce the dimensionality of the data and others that are more adapted to
a sequential analysis of data. Furthermore, the platform sensing capabilities
will be tested by changing the RS approach to a centralized one using the
same CW probe signal. This extension of the work can be used to compare
the performance of both systems and demonstrate which is the best proposal
to adapt within the JRSAC paradigm.
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Appendix A: Effects of Antenna

Orientation in Fall Detection Systems
Based on WiFi Signals

The global increase in human life expectancy has created a need for health-
care and remote monitoring technology suitable for the elderly. One of the
biggest health treats to older adults are falls occurring at home during daily
activities. This reality has prompted the design of device-free fall detection
systems that employ WiFi signals as sensing probes. Several works have ad-
dressed the design and development of these detection platforms. However,
these works have not considered the impact of the antenna orientation on
the system’s sensing capabilities. To close the gap, we present a systematic
analysis of the effects of antenna orientation on the performance of a WiFi-
based fall detection systems. The analysis was conducted on the grounds of
an experimental platform that transmits WiFi-like waveforms from which
the Doppler signature of a fall event can be computed. Our work shows how
the orientation of the antenna affects spectrograms of the received probe
signal. The results also show that signals transmitted with a horizontal
positioning improve the performance in the classification stage.

A.1 Introduction

The share of the world population aged 65 years or more will experience
a large growth in the next years. The percentage of elderly population
in 1990 was 6%, but in 2019, the percentage of elderly population was 9%.
Therefore, in the past 30 years, the elderly population had a 3% growth. This
proportion is expected to rise to 16% by 2050. These estimates create a need
for healthcare and monitoring systems suitable to provide elderly care [31].

This chapter forms part of the paper titled ‘Effects of Antenna Orientation in Fall
Detection Systems Based on WiFi Signals” published in IEEFE Latin American Commu-
nications Conference (LATINCOM) proceedings. I and the other authors gave consent to
use our work as an integral part of this dissertation.
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According to the World Health Organization, 37.3 million of elderly people
require medical attention each year for injuries caused by falls [25]. For
this reason, fall detection automation has become a research topic of great
interest. A fall is a sporadic action in which the persons lose control of their
body and precipitate to the ground.

There are several approaches to human activity monitoring that can be
employed to detect when a human fall event has occurred. Systems for event
detection based on activity monitoring have been developed using different
sensing techniques. A vision system can be used to detect an event. How-
ever, these systems are expensive and require a direct line of sight (LOS)
with the person under monitoring. Another disadvantage is the violation
of user privacy [34]. Another approach is the use of wearable devices with
accelerometers or gyroscopes. However, these devices must always be car-
ried by the users, making them invasive. A further approach has emerged
in the last years: device-free fall detection based on radio frequency (RF)
signals. In this approach, a transmitted probe signal is processed at the
receiver to obtain information of ranging and Doppler dispersion caused by
moving people [35]. These systems have several advantages: they are not
invasive, they do not require a LOS with the moving person and they offer
a communication mechanism to send alerts if falls occur. Fall detection sys-
tems based on WiFi are under intense research and development due to the
ubiquity of these wireless local area networks [38,46,47].

However, previous research works on WiFi-based fall detection have not
considered the impact of the antenna orientation on the system’s sensing
capabilities. In [40], the accuracy of a fall detection system called WiFall was
analyzed by considering different heights of the antennas. Nonetheless, the
effect of the antenna orientation was not addressed. Huang et. al. considered
different sensing regions of the antennas by introducing multiple sensors in
the indoor environment [37]. Notwithstanding, increasing the sensors also
increases the system’s cost. This previous work did not consider the impact
of antenna orientation in the sensing regions.

In this chapter, we present an experimental platform for fall detection
that allows identifying signal variations caused by the orientations of an-
tennas. This platform emits a pure tone in the range of RF WiFi signals.
The signal is transmitted by a typical WiFi monopole antenna. The objec-
tive is to replicate the operation conditions of commercial access points but
allowing a flexible positioning of the transmitting and receiving antennas.
Thereby, it is possible to assess the signal dispersion caused by the multipath
effects. In order to measure the impact of the orientation of the antenna, we
conducted a series of experiments involving falls of young and middle-age
adults from the top of a three-step ladder within an indoor environment.

The analysis of the Doppler signatures of the received probe signal is
carried out in accordance with the concept of spectrogram. Spectrograms
are used to analyze time-varying and non-stationary signals. These signals
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provide information on the variations in time of the frequency spectrum.
This is performed by estimating the dispersions of the signal’s spectral sig-
natures stemming from human motion. Finally, result validation is carried
out by extracting the features of the spectrograms using Principal Compo-
nent Analysis (PCA). The numerical values obtained by this technique are
used to quantitatively determine the variations between Doppler signatures
of fall events and those of static states.

The remainder of this chapter is organized as follows. In Section A.2, a
review of spectrogram analysis through Doppler signatures for fall detection
is presented. Then, the instrumental implementation necessary for the sens-
ing platform is described in Section A.3. The results obtained are shown in
the Section A.4. Finally, the conclusions are given in Section A.5.

A.2 Doppler Signatures and Spectrogram Anal-
ysis

The computation of Doppler signatures starts with the transmission of an
unmodulated RF signal in an indoor setting. When the signal impinges
on a moving body, the carrier signal suffers a frequency shift known as the
Doppler effect. This frequency shift together with the multipath propagation
generates sidebands in the received signal’s spectrum known as Doppler
signatures. During a fall event, the speed of the falling body produces
certain Doppler signatures that can be characterized to determine the nature
of the event. Doppler signatures can be studied using spectrogram analysis.
A spectrogram provides information about the spectral density of a signal
that varies over time [49].

A spectrogram is calculated by dividing the span of a time-varying signal
into short-time segments. These segments are a representation of the signal
in a short period of time. Then, a Short Time Fourier Transform is applied
to each segment as shown in Eq. A.1.

X(f,1) = / T B (O)h(r — e g, (A1)

According to (A.1) z(t) is a signal that varies in time ¢ and h(7 —t) is an
even and positive window function. The spectrogram S(f,t) is defined as

S(f,1) =1X(f. 0. (A.2)

Once the spectrogram of the signal has been calculated, an analysis of
the Doppler signatures can be performed. The spectrogram provides a vi-
sual map of a signal’s spectral variations over time. Doppler signatures are
obtained from analyzing a series of spectrograms. The process of obtaining
a Doppler signature involves examining a large set of data. There are several
techniques that can be used to extract valuable information of a large set of
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data. The most popular technique is PCA. PCA is based on singular value
decomposition and it unveils important features of a high-dimensional data
collection with only a few components [66].

The first two components computed using by PCA contain the most
significant features of the frequency spectrums. These components are used
to classify the Doppler signatures into two categories: a fall event or a
state of no movement. Furthermore, the classification achieved by using the
principal components of the signal can be used to compare the effects of
varying position and orientation of the antennas in the experiment setting.

A.3 Sensing System for Fall Detection

A.3.1 Experimental Setup

A fall detection system is composed of three stages: sensing, recognition and
decision. A general diagram of a fall detection platform is illustrated in Fig.
A.1. Our work focuses on the sensing stage of the system. In the sensing
stage, an RF signal is transmitted by a transmitter (Tx) through an indoor
environment and captured by a receiver (Rx). In our experiments, a platform
operating in the frequency range of commercial WiFi systems (IEEE 802.11)
was implemented. Furthermore, this platform allowed us to experiment with
different orientation and positions of the antennas. The transmitted signals
are collected by a spectrum analyzer that makes it possible to record a series
of snapshots of the signal’s dispersion in the frequency domain throughout
the indoor environment. With this information it is possible to compute the
spectrograms of the signal.

The experiments are conducted in a controlled environment to avoid
interfering signals generated by reflections from moving objects other than
the target. The indoor environment includes three-step ladder. The falls
were developed by a group of subjects who made it possible to record signal’s
dispersions during this event.

The spectrograms computed during the experiments are processed in the
recognition stage to reduce the noise generated by the measurement equip-
ment and extract the principal features. The feature extracted are analyzed
by a classification algorithm to determine if they correspond to a falling
event or a non-moving state. The accuracy of the recognition stage deter-
mines the number of false alarms that can occur in the decision stage. The
output of the decision stage is an alert message that is prompted when the
event occurs. However, in this work the recognition stage is limited to iden-
tifying the differences caused by varying the rotation of the antennas. The
experimental process adopted in this paper is summarized in the diagram
shown in Fig. A.2.
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Figure A.2: Block diagram of the experimental process.

A.3.2 Hardware Design

The hardware employed in our experiments includes a RF generator Keysight
N9310A, a spectrum analyzer FieldFox N9912A, two 2.4-2.5 GHz omni-
directional antennas, one 3.9 GHz Intel(R) i7 CPU 8 GHz RAM computer
with Matlab™ software installed. The positioning of the instruments is
shown in the schematic in Fig. A.3. The omni-directional antennas were
characterized using the FieldFox spectrum analyzer in its cable and antenna
test mode. For a 2.42 GHz frequency, the antennas have a 32.4 dB in return
losses, an impedance of 50+ 70.70 Ohms and a voltage standing wave ratio of
1.042. At this frequency the antennas operate with their best performance.
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5m

\\

Figure A.3: Schematic of the test scenario: a) control and analysis computer,
b) spectrum analyzer (Tx), ¢) RF generator (Rx), d) omni-directional an-
tennas, e) ladder.

Therefore, the RF generator was configured with a center frequency of 2.42
Ghz and a transmission power of 20 dBm for the best performance of the
system. Furthermore, during the experiments the spectrum analyzer was
configured to capture signals with a sweep time of 271 ms for 1001 points
with 1 KHz of span.

A.3.3 Experimental Scenarios

The experiments were conducted within an indoor space of the Faculty of
Sciences of the Autonomous University of San Luis Potosi. The location
corresponds to an office room. The room has a dimension of 7m x 5m and
has furniture such as tables, chairs and computer equipment (Fig. A.3). The
Tx transmitter was installed in the top right corner of the room according to
Fig. A.3b with one of the omni-directional antennas. The Rx receiver was
positioned in the top left corner of the room (Fig. A.3c) with the second
omni-directional antenna. Both antennas were placed at a height of 2 m.
The antennas are omnidirectional monopole used by commercial WiFi
systems. The experimental platform allows changing the position and ori-
entation of the antennas. Nevertheless, when the orientation is changed,
certain transmission features are affected in the antennas. Therefore, when
fixing any position of the sensing equipment in the environment, it is neces-
sary to carry out a study of two principal features given an orientation.
The first feature is the radiation pattern, where the power density is
represented. The radiation pattern of the antennas is shown in Figure A .4.
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Figure A.4: Radiation pattern of antennas configuration in 2D and 3D view.

A vertical scenario is defined as the orientation commonly used in anten-
nas at access points (Figure A.4a). In the vertical position, the maximum
radiation points can be determined. An important feature of this class of an-
tennas is that their radiation pattern creates zones where the power density
is very low. A signal capture in a low radiation area presents disturbances.
Therefore, it is important to know how our sensing channel operates.

On the other hand, in the horizontal scenario the antennas are oriented
in direction of the LOS (Figure A.4b). In this scenario, the direction of the
radiation pattern is changed. The horizontal and vertical scenarios allow us
to register the effect in the classification stage of the signals.

It is true that a large number of orientations can be defined to vary this
feature. However, this work focuses only on the two cases defined as vertical
and horizontal scenarios. The configuration of these two scenarios is followed
below.
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Vertical positioning scenario

According to Fig. A.4a, both antennas were positioned 5m apart from each
other. The ladder was positioned near the middle of the room, from that
position the falls were performed.

Horizontal positioning scenario

In this case the antennas were configured as in Fig. A.4b at 5 m distance from
each other. As in the case of vertical positioning, the falls were performed
on a ladder approximately 3m away from the platform.

The second feature is the linear polarization of the antennas. In this case,
the electric fields of the monopole antennas oscillate in only one direction
depending on their orientation. In Figure A.5a, the power received by an Rx
antenna is shown depending on the polarization of the transmitted signal.
This means that the signals captured with a perpendicular polarization is
null. This is a very important concept in fall detection systems. Even though
the antennas are positioned with the same polarization in the LOS, they are
affected by the multi-path effect. This effect causes a signal to propagate
through different paths. The result is a signal formed by the interaction of
the different signals that have traveled to different paths (Figure A.5b).

The signals propagated by the transmitting antenna impinges the sur-
faces in the indoor space, including the human body. The signals that are
reflected undergo a change in their polarization perpendicular to the plane
of incidence. Therefore, if a signal cannot be detected during a fall event,
it can generate false alarms (Figure A.5a). This is the importance of the
polarization state of antennas in detection systems.

Our fall detection platform allows to register the effect of the horizon-
tal and vertical scenarios. In these scenarios it is possible to measure the
variation of different angles of fall observation and determine the antenna
orientation that reduces false alarms.

A.3.4 Experimental Protocol

With the sensing platform implemented in the indoor environment, 6 test
subjects were selected to perform the experiments. This group of people
developed a sequence of falls to a fixed height of 59 cm. This is the average
height of the third step of a ladder.

The protocol that the participants followed was to place themselves on
the corresponding step and remain still. Then, they received a visual and
audible signal sent by the control computer to indicate the start of the test.
The next instruction was to perform a falling motion from their starting
position toward a padded surface to cushion the impact against the ground.
Once the participants were on the ground, they had to remain in that posi-
tion until a new audio signal indicated the end of the test. This allowed the

UASLP — Posgrado en Ciencias de la Ingenieria September, 2023



Wireless Perception using Deep Learning for Vehicular and

Human Detection 107
Vertical Horizontal
Y Antenna Y Antenna

% power (?% % power
“ received by K “ received by
2 antenna ¥ antenna
(a) Effects of polarization on the power received by the an-
tennas.

Tx Antenna LOS " Rx Antenna

(b) Change of polarization caused by the multipath effect and
reflection.

Figure A.5: Characteristics of the polarization in antennas.

platform to only record the movement of the fall. In total, a sequence of 10
falls was carried out in each of the experimental scenarios designed.

The selected participants were people between 23 and 48 years of age
in good physical condition. We consider that an older age could put the
integrity of the participants at risk. However, the variation of ages provides
a record of how a person falls over the years. In addition, the group has
another series of physical characteristics to be studied. Some of these are
shown in the Table A.1. Finally, all the experiments were recorded by the
platform and a video recording system. The video recording had the purpose
of providing visual evidence and also a timestamp during the development
of the experiments.
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Table A.1: Physical characteristics of test subjects

Subject | Age | Gender | Height (m) | Weight (Kg)
1 23 | Female 1.61 60
2 24 Male 1.75 7
3 27 Male 1.72 73
4 38 | Female 1.55 58
5 47 | Female 1.55 65
6 48 Male 1.71 85

A.4 Results

In this chapter we developed an analysis of the variations in a fall detection
systems caused by the multiple observation angles of the sensing equipment.
For this purpose, a database with 60 falls from 6 different people was used.
The database was generated by experimentation in two different scenarios
using our sensing platform based on RF-WiFi signals. The result of this
was a database containing the spectrums captured throughout the time of
experimentation. The spectrograms were separated into two groups. The
first group contains the spectrums captured using the vertical positioning
on the WiFi antennas. The second group is that of horizontal position-
ing. Both groups were subjected to a pre-processing stage. At this stage,
a Gaussian-type high-pass filter was applied to the spectrograms. Further-
more, a bandwidth of 200 Hz was defined. The result of this is shown in the
Figure A.6.

Figure A.6 shows a comparison between the spectrograms of the sens-
ing group using antennas with vertical orientation (Figure A.6a) and the
group of antennas with horizontal orientation (Figure A.6b). In the vertical
case, the fall was recorded in sample 12. This was determined according
to the timestamp provided by the video recording equipment. This spec-
trogram shows how the signal power suffered a slight disturbance caused
by the acceleration of the falling body. However, within the spectrograms
of the horizontal case the dispersion registered in the Doppler signatures is
more prominent. In Figure A.6b, the fall was also recorded in sample 12. A
noticeable difference is recorded in the experiments, both scenarios have the
same angle of observation of the event but different antenna orientation. The
dispersion register in the spectrum during the fall is larger in the horizontal
scenario. Therefore, the classification stage provides a better differentiation
due to the larger effect recorded in the spectrums.

To validate these results, we use PCA. This technique was applied to
each of the spectrums captured in both scenarios. In our case we use the
numerical results of the first two components. These components contain
most of the energy of the signal and can be used to project the differences
between all the spectrums.
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(b) Horizontal orientation antennas with the fall recorded in sample 12.

Figure A.6: Spectrograms collected by the fall detection platform: a) Verti-
cal scenario, b) Horizontal scenario.

Figure A.7 shows the comparative graphs for the experiments in the
vertical and horizontal case. These graphs show the numerical values of the
first and second principal components. The dots correspond to the values
obtained for the spectrums where no movement was recorded. The falls are
identified by crosses.

In both cases, the data for each of these two classes tend to cluster.
However, in the horizontal case a threshold can be easily determined between
these two classes. The vertical case does not show a clear separation of
the classes. The horizontal scenario recorded a greater dispersion in the
Doppler signatures of the spectrograms, and these dispersions allows a clear
distinction between falls and no movement classes.
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Figure A.7: Projection of the first and second principal components.

The orientation of the antennas has a great impact on Doppler signature
dispersion. The horizontal orientation of the antenna positively impacts
the distinction of the two characterized classes: falls and no movement.
This evident separation reduces the possibility of false alarms. Taking this
into account, it is possible to design or improve a fall detection systems
based on RF-WiFi signals. This platform allows to reduce the errors caused
by the observation angle without increasing the number of sensors in the
same indoor environment. Furthermore, the results were obtained using a
platform designed with general-purpose measurement equipment. For this
reason our platform is affordable and easy to replicate.
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On the other hand, it is necessary to add new activities in the experimen-
tal protocol such as: walking, sitting or going up and down stairs. In this way
the proposed sensing platform can be compared with other similar works,
such as those in [40] and [37]. For that purpose, it is necessary to consider
classification algorithms that allow to compute the precision of detection
in terms of probability. Our platform is designed in blocks. Therefore, it
is possible to incorporate additional elements without modifying the other
parts of the system. These are key elements in the continuous evaluation of
the performance of the platform.

A.5 Conclusion

In this chapter, we develop a fall detection platform based on sensing RF-
WiFi signals. The platform is used to study the effects of the antennas
orientation and improve the performance of the fall detection systems. Spec-
trograms were captured during experiments involving a series of falls that
capture the dispersion in the Doppler signatures created by the event. The
recorded spectrograms were analyzed to establish how antenna orientation
affected the dispersion. In this case, the orientation in the horizontal sce-
nario allowed us to observe a larger dispersion at the moment of the fall
event. Furthermore, the principal component analysis was used to extract
the features of the spectrograms. The principal features were used to ana-
lyze the differences between the spectrums that record a fall and those that
did not. The PCA results shows that horizontal scenario provides a clear
separation between no movement and falls. Therefore, the effects caused by
the orientation of the antennas impact the performance of the classification
stage of the fall detection systems.
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Appendix B: Doppler Spectrum
Measurement Platform for

Narrowband V2V Channels

This chapter describes the implementation of a Doppler spectrum measure-

ment platform for narrowband frequency-dispersive vehicle-to-vehicle (V2V)
channels. The platform is based on a continuous-wave (CW) channel sound-
ing approach widely used for path-loss and large-scale fading measurements,
but whose effectiveness to measure the Doppler spectrum of V2V channels
is not equally known. This channel sounding method is implemented using
general-purpose hardware in a configuration that is easy to replicate and
that enables a partial characterization of frequency-dispersive V2V channels
at a fraction of the cost of a dedicated channel sounder. The platform was
assessed in a series of field experiments that collected empirical data of the in-
stantaneous Doppler spectrum, the mean Doppler shift, the Doppler spread,
the path-loss profile, and the large-scale fading distribution of V2V chan-
nels under realistic driving conditions. These experiments were conducted
in a highway scenario near San Luis Potosi, México, at two different carrier
frequencies, one at 760 MHz and the other at 2,500 MHz. The transmitting
and receiving vehicles were moving in the same direction at varying speeds,
ranging from 20 to 130km/h and dictated by the unpredictable traffic con-
ditions. The obtained results demonstrate that the presented measurement
platform enables the spectral characterization of narrowband V2V channels
and the identification of their Doppler signatures in relevant road-safety
scenarios, such as those involving overtaking maneuvers and rapid vehicles
approaching the transmitter and receiver in the opposite direction.

This chapter forms part of the paper titled ‘Doppler Spectrum Measurement Platform
for Narrowband V2V Channels” published in IEEFE Access. 1 and the other authors gave
consent to use our work as an integral part of this dissertation.
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B.1 Introduction

Vehicular communication systems are an emerging technology aimed at ap-
plications related to road safety, traffic management, and on-board info-
tainment services [111-118]. Early efforts to equip vehicles with commu-
nication capabilities focused on the development of dedicated short-range
communication (DSRC) technologies. In the U.S. and Europe, the DSRC
technology is based on the specifications of the IEEE 802.11 Standard [119].
These specifications encompass the protocols for wireless access in vehicular
environments [113, 114], including vehicle-to-vehicle (V2V) and vehicle-to-
infrastructure (V2I) communications in the 5.9 GHz band [119]. Japan has
also contributed to the development of DSRC technology for vehicular com-
munications [114-116]. In this country, local regulatory agencies issued spec-
ifications for vehicular networks in the 700 MHz band [120]. In recent years,
the Third Generation Partnership Project (3GPP) defined specifications for
Vehicle-to-Everything (V2X) communications based on the infrastructure
of the long-term evolution (LTE) cellular network [121-123]. With the fast
development of fifth-generation (5G) networks, the 3GPP updated those
specifications and defined new use cases for V2X communications within
the 5G ecosystem [124]. These cellular-based V2X communication protocols
also adopt the 5.9 GHz band for direct V2V communications [117,123,124].

Regardless of the particular frequency bands and communication proto-
cols, the design of vehicular communication systems faces several technical
challenges related to the transmission of information through the rapidly-
changing and highly-dispersive vehicular channel [125,126]. The vehicles’
mobility, paired with the short-range communication links, produces rapid
variations of the channel’s response that compromise the system perfor-
mance [127-133]. Moreover, depending on the propagation conditions, the
transmitted signal can arrive at the receiver through multiple interactions
with interfering objects in the environment, resulting in worse-than-Rayleigh
fading [134-136]. Hence, a thorough understanding and a correct character-
ization of the vehicular channel are crucial for the efficient design of V2X
communication systems.

Theoretical V2V channel models have been developed to characterize
wireless propagation in vehicular environments [137-141]. Typically, these
models are derived by making certain assumptions on the mobility condi-
tions and propagation environments. For instance, V2V channel models
have been often developed assuming uniform motion, i.e., vehicles moving
with constant speed over linear trajectories [135,142]. Since this assumption
is not always valid in practice, recent research efforts are aiming at the for-
mulation of V2V channel models with non-uniform motion, i.e., assuming
acceleration components and non-linear trajectories [143-145]. Regarding
the propagation environment, some assumptions are made on the distri-
butions of interfering objects for particular scenarios [146]. Conventional
approaches consider isotropic or non-isotropic distributions of interfering
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objects around the vehicles [131]. For more realistic scenarios, ray-tracing
models provide accurate representations of the propagation environments by
considering the exact positions and electromagnetic properties of the inter-
fering objects [147].

Besides the theoretical characterization of V2X channels, empirical data
are also needed to gain insights into the behavior of realistic channels [148—
152]. Empirical data are obtained following a specific channel sounding prin-
ciple, e.g., CW, direct pulse, or correlation-based [153,154]. The selection
of the sounding principle depends on the channel characteristics that need
to be analyzed. For example, the frequency-dispersive characteristics of
time-varying V2V channels require a sounding approach aimed at capturing
traces of the channel’s Doppler spectrum. In turn, a sounding method with
a focus on the channel’s power delay profile (PDP) is required for the analy-
sis of the time-dispersive characteristics of frequency-selective V2V channels

[155]. Most high-performance channel sounding platforms employ special-
ized equipment to sample the Doppler spectrum and/or the PDP with a high
resolution (e.g., see [156-159]). While desirable, such platforms are rare as-
sets, as their high cost and specific purpose make their purchase the least
priority to most universities and research centers. This limitation creates a
need for innovative solutions to construct V2V channel sounding platforms
with more accessible general-purpose equipment.

In response to this need, this paper describes the implementation of
a Doppler spectrum measurement platform for frequency-dispersive V2V
channels. The platform is based on a narrowband channel sounding princi-
ple that employs an analog radio-frequency (RF) signal generator to transmit
a CW probe signal and a spectrum analyzer (SA) to measure the channel’s
Doppler spectrum for a given carrier frequency. This measurement setup has
been widely used for path-loss and large-scale fading measurements, e.g., see

[160]. However, the effectiveness of such a setup to measure the Doppler
spectrum of V2V channels is not equally known. The resulting measurement
platform is easy to replicate since it comprises general-purpose hardware
commonly available in universities and research centers. It is, therefore,
adequate not only for research but also for educational purposes, e.g., to il-
lustrate the Doppler effect in mobile radio communications to undergraduate
and graduate students.

This chapter is the culmination of our previous work presented in [161].
The scope and contributions of [161] are extended here as follows:

o We provide a detailed discussion of the theoretical foundations of our
implementation. This discussion is intended to help the reader to un-
derstand how our implementation works, and to identify its capabilities
and limitations. We bring attention to a practical issue that affects
the computation of the Doppler spectrum and that passed unnoticed
in [161]: the presence of artifacts due to cross-terms in the measured
channel’s spectrogram. Moreover, we discuss the configuration of the
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hardware parameters that set the trade-off between acquisition time
and Doppler frequency resolution.

o We present a methodology to pre-process the measured spectrograms
and circumvent the limitations of generic RF hardware. In particular,
we address: (i) the frequency drifts in the transmitted signal caused
by the operation of the signal generator; and (ii) the artifacts caused
by cross-terms in the measured spectrograms.

o Finally, to demonstrate the capabilities of our measurement platform,
we present the results of a measurement campaign at 760 MHz and
2,500 MHz in a highway scenario near San Luis Potosi, México. The
experiments were conducted on a highway since this is a diverse and
challenging environment where the effects of high mobility and the
unpredictable dynamics of vehicular traffic can be observed clearly.
We analyze the empirical Doppler signatures of the V2V channel in
relevant road-safety scenarios, namely those involving overtaking ma-
neuvers and rapid vehicles approaching the transmitter and receiver in
the opposite direction. In addition, we characterize the distributions
of the instantaneous mean Doppler shift and Doppler spread, the path-
loss profile, and the large-scale fading distribution. While our platform
does not measure the time-dispersive characteristics of wideband V2V
channels, the obtained results demonstrate that it successfully captures
the Doppler profile of frequency-dispersive V2V channels in realistic
driving conditions.

The remainder of the chapter is organized as follows. Section B.2 pro-
vides a review of related work. The theoretical background and the details
of our implementation are discussed in Sections B.3 and B.4, respectively.
Section B.5 addresses the hardware configuration and describes the highway
scenario in which we tested the platform. Section B.6 presents our Doppler
spectrum measurement results. SectionB.7 addresses the computation of
the path-loss profile and large-scale fading distribution from the measured
Doppler spectra. Finally, Section B.8 summarizes our conclusion.

B.2 Motivation and Related Work

Substantial research efforts have focused on measuring the V2V channel at
5.9 GHz. Most approaches to measuring V2V channels seek high time reso-
lution due to the rapid fluctuations of the V2V channel [156-158]. Measure-
ments in [156,157,162,163] were performed using a multiple-input multiple-
output (MIMO) channel sounder based on a switched-array principle. This
architecture employs rubidium clocks for time reference synchronization to
record accurate versions of the channel response with a digital signal proces-
sor as an interface. Measurements in [158] were conducted using a sounding
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platform that employs a software-defined radio to generate an unmodulated
version of the IEEE 802.11p signal [164]. The transmission of this signal
is repeated during the experiment and sampled by a data acquisition card
with a high sample rate. Furthermore, measurements at 700 MHz have been
conducted using a sounding platform based on a pulse-compression tech-
nique [165]. This platform employs a real-time SA to record the channel
response. In particular, these implementations have been employed to effec-
tively analyze channel characteristics in both time and frequency domains.
Nevertheless, the experiments are not easy to reproduce due to the stringent
hardware requirements of the channel sounding platforms.

Although the analysis of the channel’s delay domain properties is im-
portant, a partial characterization of the V2V channel only in the Doppler
frequency domain is also relevant. Measurements in [166,167], follow a CW
sounding principle using a vector spectrum analyzer to record the chan-
nel’s Doppler spectrum. In this platform, the time information obtained by
Global Positioning System (GPS) receivers is employed for data synchro-
nization. In particular, CW sounding principles have been mainly employed
for the characterization of attenuation effects through zero-span measure-
ments. However, the accuracy of these measurements is compromised when
the signal generator is subject to frequency drifts due to temperature effects.
This practical issue can be solved by increasing the frequency span to a few
Hertz and correcting the observed drifts. Furthermore, such a solution can
also be harnessed to measure the channel’s Doppler spectrum by further
increasing the frequency span. The CW sounding principle has two main
advantages: (i) CW channel sounders might have simple architectures; and
(ii) CW sounding platforms have sampling rates that enable continuous data
acquisition over long trajectories.

While most channel sounders for V2V channels have stringent hardware
requirements [156-158,166,167], general-purpose devices can be used to im-
plement simpler architectures. In contrast to dedicated channel sounding
platforms, the reconfiguration of general-purpose devices is straightforward
and enables users to perform tests at different frequencies. The characteri-
zation of V2V channels at different frequencies is particularly relevant since
the defined carriers might differ for different communication protocols (e.g.,
see [120,123,124,164]).

B.3 Preliminaries

In this section, we describe the theoretical foundations of our measurement
platform. We discuss the main concepts of the V2V channel response and
present the CW sounding principle harnessed in our implementation.
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Figure B.1: Time-varying multipath propagation in vehicular environments
(red-solid lines: propagation paths at time instant ¢ = t;, red-dashed lines:
propagation paths at time instant ¢ = t5).

B.3.1 Theoretical Background

In a vehicular radio communication system, the received signal is the su-
perposition of multiple replicas of the transmitted signal that arrive at the
receiver over different propagation paths, one of which can be a Line of
Sight (LOS) path, as illustrated in Fig. B.1. Hence, by neglecting the ef-
fects of additive noise, the received multipath signal can be modeled in the
complex base-band equivalent by

N(t)
y(t) = 3 gu () IO Oy — 7 (1)). (B.1)
n=1

In this equation, z(t) stands for the transmitted signal, f. is the carrier
signal frequency, N(t) denotes the number of replicas of x(t) that arrive
at the receiver at the time instant ¢, whereas g,(t), 6,(t), and 7,(t) are
the instantaneous attenuation factor, phase shift, and propagation delay
of the nth received replica. The latter four parameters are characterized
by time-dependent variables since the propagation conditions in vehicular
environments may change at any moment due to the vehicles’ high mobility
and the short-range communication link (see Fig. B.1).

In turn, the V2V channel can be modeled by a linear time-varying (LTV)
system. An LTV system is uniquely characterized by its impulse response,
h(t; T), or equivalently, by its frequency response, H (t; f) = [°5 h(t; 7)e 92™7 dr
[168-170]. Since (B.1) is the output of an LTV system to an input z(¢), i.e.,
y(t) = h(t; 7) * x(t) with * denoting the convolution operation, we can char-

M.Sc. Jorge Daniel Cardenas Amaya



118

acterize the V2V channel by

N(1)
h(t;7) = galt)e /Mm@ 0nWls( — 7 ()) (B.2)
n=1

N(t)
H(t, f) = Z gn(ﬂeﬂ[2Tr(fc+f)m(t)+9n(t)] (B.3)
n=1

where 0(t) denotes the Dirac delta function. Equation (B.3) shows that the
V2V channel is a linear system whose response varies not only in the time do-
main, but also in the frequency domain. The channel’s time and frequency
variations cause a spectral dispersion of the transmitted signal. In particular,
the channel’s variation in time causes dispersion in the frequency domain,
whereas its frequency variations cause dispersion in the time domain [155].
These effects can be analyzed in the joint domain of the Doppler frequency
variable, v, and the delay variable, 7, by the Doppler-delay spreading func-
tion s(v;7) = [ [ H(t; fle 2=/ dtdf. Alternatively, the channel
dispersion can be analyzed in the Doppler domain on the grounds of the
frequency-dependent Doppler-spread function

D(ws f) = [~ H(t e at (B.4)

or in the delay domain, with respect to h(t;7), which is a time-dependent
delay-spread function dual to D(v; f). We refer the reader to [169-172] for
a detailed discussion on the system functions of mobile radio channels.

From the definition of A(t;7), it follows that the response of the V2V
channel can be measured in practice by transmitting a signal of a very short
duration, e.g., those designed for spread spectrum and ultra-wideband com-
munications [173-176]. Also, from the definition of H(¢t; f), the channel
response can be measured by transmitting multiple unmodulated complex
sinusoids of different frequency, either sequentially (as in frequency-hopping
communication systems [177,178]) or simultaneously (as in orthogonal fre-
quency division multiplexing systems [158, 159, 179, 180]). However, the
transmission of these signals relies on costly equipment, such as vector wave-
form/function generators, and their detection requires the implementation
of sophisticated receivers that rely on accurate synchronization with the
transmitter.

B.3.2 Narrowband Channel Sounding Principle

The complexity and high cost of implementing a V2V channel sounder are
further exacerbated by the difficulty in measuring the channel response with
a high resolution in time and frequency. An alternative to simplify the
channel sounder architecture is to measure the channel response only in one
dimension. For mobile communications in rapidly time-varying channels,
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the time-domain response is critical to assess the impact of signal dispersion
in the Doppler frequency domain [181-184]. To measure the response of
the V2V channel only in the time domain, it suffices to transmit a CW
probe waveform, x(t) = 1, i.e., an unmodulated carrier signal. Thereby, the
received signal is given by

N(t)
c(t) = Y gn(t)e IBrlerm(+0u (0] (B.5)

n=1

where ¢(t) can be identified as the channel complex envelope (CCE) since
c(t) = H(t; f)‘f—o' The reception process can be simplified further if the
channel’s instantaneous power, z(t) = |c(t)|?, is measured instead of the
CCE. This narrowband channel sounder can be implemented with general-
purpose hardware, such as an analog RF signal generator and an SA. Mea-
surement platforms of this type are typically employed to gather empirical
information about the fading statistics of narrowband channels. However,
the same platform can be employed to characterize the channel dispersion in
the Doppler frequency domain. To show this, we note that an SA produces
traces of the received signal’s spectrogram

S, t') = Y (v, t"))? (B.6)

where the variable ¢’ denotes a particular observation time instant, and

Y () = / T et — eI g (B.7)

—0o0

is the STFT of ¢(t), where w(t) is a real-valued even function given such
that w(t) > 0 for |t| < Ty/2, w(t) = 0 for [t| > Ty/2, [ w?(t)dt = 1, and
To > 0 [185]. In practice, the constant quantity T can be associated to the
sweep time of an SA. Assuming that the number of multipath components
of the channel response remains constant within an observation interval of
length Ty, we can write the STFT of the CCE for a given discrete time,
= k1o, for k € Z, as

Ng
Y(Vv t;c) = Z gk,ne_Jek’n
n=1

(o)
x / w(t — t)e~ 92+ e ] gy (B.8)
In this equation, N}, is the number of resolvable multipath components of ¢(t)
within the kth observation interval, (k — %) T, <t < (k + %) Ty, whereas
Gkns Ok, and 7y, (t) are the corresponding attenuation factor, phase shift,
and time-varying propagation delay, respectively, of the nth received replica
of z(t) within the kth observation interval. Assuming also that the received
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signal is given by the superposition of N; electromagnetic plane waves, the
time-varying propagation delays 7y ,,(t) are equal to

Tem(t) = 70 — 122 (B.9)
fe
(0)

where 7;, and v, are the initial propagation delay and the Doppler shift,
respectively, of the nth plane wave received within the kth observation in-
terval [186]. In particular, the Doppler shift v, can be expressed as

fita(®)
2

Vi = [in + (B.10)
where f7, and f,j‘n(t) are Doppler shifts caused by the vehicles’ speed and
acceleration for the nth plane wave received within the kth observation in-
terval, respectively. The first component depends on the initial speeds of the
vehicles, whereas the second term is a time-varying quantity that depends
on the vehicles’ acceleration profiles.

Thereby, we have

(v, t}) Z GenW (v — kan)e][ ﬂ(ytl e ") Hk’"} (B.11)

where W (v) is the Fourier transform of the windowing function w(t). The
STFT of the CCE provides a time-dependent description of the channel
dispersion in the Doppler domain. The function Y (v,}) is similar in that
regard to the frequency-dependent Doppler-spread function defined in (B.4).
In fact, if the number of multipath components is constant for all ¢, then,
in the limit when Ty — oo, one can verify that Y(v,0) = D(r,0) =

|27 fers” —6n
>N gne’ [2 g ’ ](5(u — v,,). From (B.6) and (B.11), it follows that the
spectrogram of the CCE is equal to
S, ty) = Sa(v, t).) + Sc(v, t},) (B.12)

where the spectral function

Ng
Salv,t,) = Z g,%mWQ(l/ — Vi) (B.13)
n=1
contains the auto-terms of the CCE. This function has a clear physical
meaning as it can be interpreted as the channel’s time-varying Doppler spec-
trum [185]. In turn, the function

N Ng
I/ tk Z Z 9k, mgkn V - Vk,m)W(V - ykvn)
i
o & 2 () 0| (B.14)
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contains the cross-terms of S(v,t;). In contrast to Sa(v,t), Sc(v,t)) does
not have a physical meaning since the cross-terms are artifacts caused by the
windowing function w(t). In the case of a super-heterodyne SA, the cross-
terms are also related to the dynamic range of the frequency mixers [30].

Equations (B.12)—(B.14) show that the Doppler spectrum of a V2V chan-
nel can be measured in practice by employing a narrowband channel sounder
that follows the principle described in this section. One of the challenges of
implementing such a platform is to find the value of the SA’s sweep time that
maximizes the contribution of the spectrogram’s auto-terms and minimizes
that of the cross-terms. It can be shown that the spectrogram’s cross-terms
vanish in the limit when 7 — oo [185]. However, this asymptotic scenario
is of little relevance in practice since the sweep time of an SA cannot extend
to infinity. Moreover, short sweep times are required to ensure that the
time variations of N(t), g,(t), and 6,(t) are negligible within the observa-
tion window of length 7. Nevertheless, the sweep time cannot be too short
either since this will reduce the SA’s capability to resolve the spectrogram’s
auto-terms that are in close proximity to each other. There is, therefore, a
critical tradeoff in finding a proper value for the sweep time.

In practice, the sweep time is determined by the resolution bandwidth
(RBW), video bandwidth (VBW), and frequency span [30]. In modern SAs,
such parameters are coupled to avoid measurement errors. Therefore, setting
a subset of parameters will update the others automatically. For example,
the VBW is coupled linearly with the RBW. In the case of measuring CW
probe signals, the RBW should be set to the smallest possible value [187].
Nevertheless, this configuration will affect the time resolution significantly
since decreasing the RBW will increase the sweep time [30, 187]. Therefore,
we need to find a compromise between a sufficiently small RBW (typically
a few Hertz) and a suitable sweep time.

B.4 The Measurement Platform

In this section, we present the implementation of our Doppler spectrum
measurement platform for frequency-dispersive V2V channels. We describe
the main components and considerations to assemble the transmitter and
receiver stations according to the theoretical concepts revised in the previ-
ous section. The discussion is intended to guide the interested readers to
replicate the platform with their own hardware.

B.4.1 Implementation

The particular devices in our implementation are the Keysight N9310A
Radio-Frequency (RF) signal generator [188], and the Keysight Fieldfox
N9913A in SA mode [189]. The N9310A RF signal generator enables the
transmission of an RF wave in frequencies that range from 9kHz to 3 GHz.
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The highest power level that this device provides is 20 dBm. Since this is an
RF device built with non-ideal components, the probe signal may be subject
to frequency drifts due to temperature effects. An approach to tackle this
particular issue will be discussed in the next subsection.

The N9913A is a portable device that includes the SA mode. This device
can measure signals with frequencies that range from 30 kHz to 4 GHz. The
proper configuration of the SA is important for this specific application
since it involves the tradeoff between time and frequency resolution. The
flexibility of these two devices enables us to measure the Doppler spectra of
V2V channels at different frequencies by reconfiguring some of the hardware
parameters.

In addition to the described devices, the measurement platform requires
pairs of antennas at specific frequencies, cabling, and adapters. Further-
more, other components are needed to gather complementary information
to analyze the V2V channel characteristics effectively. In particular, GPS
receivers are crucial to obtain time-stamped position information of the ve-
hicles. This information is used to determine the instantaneous separation
distances among vehicles, which are particularly important to describe the
path-loss profile. Laptop computers are required to record the position in-
formation and control the measurement hardware. Video cameras are also
useful in this context to record how the propagation scenario changes during
the experiments, e.g., to establish the time intervals measured under LOS
conditions. Table B.1 summarizes the list of employed materials.

A block diagram of the transmitter station is illustrated in Fig. B.2.
The CW probe signal is produced by the N9310A RF signal generator and
transmitted by a dipole antenna at 760 MHZ (or 2,500 MHz). In particular,
we set the carrier frequency to 760 MHZ (or 2,500 MHz) and the RF output
level to 20 dBm. Before performing any experiment, we power on, configure,
and allow this device to warm up for half an hour. The warm up reduces
the effects of temperature on the frequency drift of the probe signal during
the experiments. Once turned on, this device will continuously transmit the
probe signal without requiring any control device. We equip this station with
a GPS receiver and a laptop to record the position information. Moreover,
we consider a video camera in this station to record the propagation scenario
from the transmitter perspective.

A block diagram of the receiver station is illustrated in Fig. B.3. The sig-
nal is received by a dipole antenna at 760 MHz (or 2,500 MHz) connected to
the N9913A in SA mode. This station is also equipped with a GPS receiver,
a laptop, and a video camera. The laptop in this station runs a MATLAB
script to configure the SA’s parameters automatically via the TCP /IP pro-
tocol. We use the same protocol to initiate and stop the data recording
in the SA by sending control commands. In particular, the measured data
was stored in the SA’s internal memory since this required less time than
recording directly in the computer by querying the spectrogram’s data via
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Materials Company | Model/Description
SA Keysight | FieldFox N9913A
RF signal generator | Keysight | N9310A
GPS receivers Digilent | PmodGPS
Antennas Generic | Half wavelength

dipoles at 760 MHz
and 2,500 MHz

Cabling Generic | RG-6 cables of dif-
ferent lengths
Adapters Generic | N-type male to F-
type female
Laptops Generic | Control comput-
ers equipped with
MATLABQO software
Ethernet cable Generic For communication

between a control
computer and the
SA

Video cameras Generic | For recording the
changes of the prop-
agation scenario

Table B.1: List of materials and hardware for the measurement platform.

the TCP/IP protocol. While the SA records the spectrogram’s data, the
laptop stores the time-stamped position information from the GPS receiver.
The SA is configured according to the parameters shown in Table B.2. The
central frequency is set to the frequency of the probe signal (760 MHz or
2,500 MHz). We consider a frequency span of 1,500 Hz for the probe signal
at 760 MHz, and of 2,000 Hz for the signal at 2,500 MHz. We also consider
the maximum number of frequency span sample points (1001) supported by
the SA to measure the Doppler spectrum of V2V channels with sufficient
resolution. In low mobility conditions, the frequency span can be further
reduced according to the considered speed range. As discussed in the previ-
ous section, the choice of the RBW compromises the sweep time. Since the
measured spectrogram is stored in the SA’s internal memory (or directly in
the computer), the RBW should be set also taking into account the record-
ing time. We set the RBW to 10 Hz since it enables suitable sweep times
to perform the experiments without compromising the capability to resolve
the spectral components. In this regard, the aim is to find a small value of
the RBW that avoids the distortion of a pure tone measured in controlled
conditions and does not yield a large sweep time. The average sweep time
obtained in this setting was 0.27s, but the total acquisition time including
the latency due to data recording in the SA internal memory was about
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GPS
Receiver

Figure B.2: Block diagram of the transmitter station.
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Figure B.3: Block diagram of the receiver station.

GPS
Receiver

Parameter Value
760 MHz
Central frequency 2,500 MHz

Frequency span

1,500 Hz (@760 MHz)
2,000 Hz (@2,500 MHz)

Sample points 1001

RBW 10 Hz
Attenuation 0dB
Pre-amp On

Table B.2: List of parameters for the configuration of the SA.
0.40s.

B.4.2 Practical Aspects

In practice, the measured spectrograms are subject to several impairments
caused by the non-ideal RF components of the hardware. We address here
two practical aspects of our implementation: (i) the frequency drifts of the
transmitted signal due to temperature effects on the RF signal generator;
and (ii) the presence of artifacts caused by the cross-terms in the measured
spectrograms.

To compensate for the practical issues of our platform, we conducted
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reference measurements in controlled laboratory conditions and in-field with
static vehicles. The first control measurements were taken with the output
of the RF signal generator connected directly to the input of the SA while
setting the transmitting power to -40 dBm. We attenuated the transmitting
power for such experiments to prevent an overload in the SA’s input. Fig-
ure B.4 shows a 500 Hz window of a spectrogram measured at 2,500 MHz
over 210s. This spectrogram illustrates the two practical issues mentioned
above. The first effect is observed in the deviation of the received signal
from the central frequency over time. The second effect is observed in the
undesirable contributions above noise level that appear around the carrier
frequency (yellow lines). Note that the probe signal is not a monochromatic
signal, as it does not have a zero bandwidth. It occurs since, in practice,
the signal spectrum is widened over a few Hertz due to filtering and time
windowing stages. In the following, we discuss each issue separately and our
approach to addressing them in the pre-processing stage.

The frequency drifts of the transmitted signal are caused by the con-
tinuous operation of the RF signal generator. The frequency drifts of the
spectrogram with respect to the central frequency are shown in Fig. B.5.
This plot shows that the carrier frequency of the received signal shifts to
negative frequencies in this particular experiment. The frequency drift ap-
pears to change linearly with small variations due to the uncertainty of the
signal detection in the SA. This issue can be compensated in practice by
taking control measurements during short intervals at the beginning and
the end of each experiment run. The transmitter and receiver should re-
main completely stationary during such control intervals to avoid the probe
signal’s spectral dispersion caused by the combined effects of multipath and
the Doppler effect. The spectrogram’s snapshots recorded with the vehi-
cles in static conditions allow to identify the initial and final trend of the
frequency drift. The rest of the snapshots, obtained with the vehicles in
motion, are realigned employing frequency drift estimates obtained from a
piece-wise linear regression of the reference heading and trailing snapshots.

As discussed in the previous section, the cross-terms of the measured
spectrogram are undesirable artifacts that corrupt the Doppler spectrum.
The presence of such artifacts can be masked by the additive noise. The
effects of the cross-terms are illustrated in Fig. B.6, which shows a snapshot
of the spectrogram presented in Fig. B.4 with the frequency drift corrected.
Figure B.7 presents a time average of the spectrogram shown in Fig. B.4
after the correction of the frequency drift. The average operation smooths
the additive noise’s variations around its average power and highlights the
presence of artifacts around the carrier frequency. In practice, these artifacts
can mask propagation effects that are important to the statistical analysis
of the measured V2V channels. Our approach to address this issue consists
of computing the correlation of each snapshot in the measured spectrogram
with a proper spectrogram mask. The spectrogram masks are obtained by
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Figure B.4: A measured spectrogram to illustrate the practical issues of our
implementation. The carrier frequency of the probe signal is 2,500 MHz.
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Figure B.5: Frequency drift of a received signal over time.

averaging snapshots of spectrograms measured in laboratory conditions at
the corresponding carrier frequencies, such as that shown in Fig. B.7. To
complete the pre-processing stage, we readjust the amplitudes and scale
them to the original values in the measured spectrogram. Finally, we apply
a threshold to clip the noise level. After addressing the two practical aspects
by pre-processing the raw data, we obtain the spectrogram S(v, t;) that can
be used to compute the channel’s statistics.
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Figure B.6: A snapshot of a measured spectrogram. The carrier frequency
of the probe signal is 2,500 MHz.
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Figure B.7: Averaged snapshot of a measured spectrogram. The contribu-
tions of the spectrogram’s cross-terms appear above the noise level.

B.5 The Measurement Campaign

In this section, we discuss how to assemble the measurement platform on
the test vehicles and how we perform a measurement campaign. Moreover,
we discuss the particular scenario where we performed our experiments.

B.5.1 The Measurement Setup

First, the RF signal generator and the SA are installed on the vehicles’
main storage compartments using base plates. Moreover, the antennas and
GPS receivers are placed on the vehicles’ roofs using permanent magnets.
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Then, we connect the antennas and GPS receivers to the corresponding
devices. Finally, we configure the hardware according to the discussion in
Section B.4.1 and allow it to warm up before performing any experiment.
Each test vehicle is equipped with a portable power generator that supplies
the devices.

To perform the experiments, a passenger in each vehicle is in charge of a
laptop computer. The passenger in the receiver station controls the SA and
coordinates the experiments. In the transmitter station, the passenger with
the computer receives the instructions to initiate or stop the acquisition of
the position information. We synchronize the position information offline
using the time stamp of each sample. Besides, one passenger in each vehicle
records the video of the propagation scenario. The role of these two passen-
gers is to provide comments on the propagation and traffic conditions that
we observe during the experiments, e.g., the availability of LOS conditions,
the speed of the corresponding vehicle, and what maneuvers are the drivers
attempting.

B.5.2 The Measurement Scenario

The measurement campaign was performed on the Mexican Federal Highway
80D in a mountainous area on the outskirts of the city of San Luis Potosi,
México. The route over this highway is shown in Fig. B.8, where the labels
A and B indicate the route’s starting and ending points, respectively. This
route spans 25 km and is completed in approximately 15minutes, depending
on traffic conditions. A total of sixteen circuits were completed for the
measurements, eight with the probe signal centered at 760 Hz and eight
more with the signal at 2,500 Hz. During the experiments, the test vehicles
were moving in the same direction. The receiver was most of the time in
front of the transmitter, and occasionally and momentarily, they changed
position to perform overtaking maneuvers. Both vehicles seek to maintain
a velocity between 80 and 120km/hr and a separation distance between
100 and 250 m. However, they were subject to arbitrary velocity variations
caused by the changing traffic conditions over the route. Also, the separation
distance was increased to up to 500 m in some sections of the road to expand
our assessment of path-loss and large-scale fading.
The relevant road sections can be described as follows:

e Scenario #1: Road sections that pass through mountain cutouts. In
these sections, tall and long rock walls carved through the mountain
are found on both sides of the road. Some of the walls are long enough
to flank both vehicles at the same time, as illustrated in Fig. B.9a,
whereas others are shorter and border only one vehicle at a time, as
shown in Fig. B.9b. The rock walls have a slight inclination, and
produce strong multipath around the transmitter and/or the receiver.
Multipath stemming from double scattering or double reflections is
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possible in this scenario, as discussed in the following subsection.
Some of these road sections also pass under bridges, e.g., see Fig.
B.10. These elevated structures produce strong reflections and a large
Doppler shift, as the signals reflected off the bridge arrive from the
front (or the back) of the receiving vehicle.

e Scenario #2: Road sections that go around the mountains. In these
sections, the vehicles are flanked by a rock wall only on one side,
whereas the other side is clear and goes downwards following the moun-
tain’s slope, as shown in Fig. B.11. Reflections off the rock wall pro-
duce strong multipath with a highly non-isotropic profile, implying
that the mean Doppler shift of the channel will be different from zero.

e Scenario #3: Road sections in the open field. Reflectors and scattering
clusters of large dimensions (such as rock walls or hillsides) are far off,
as illustrated in Fig. B.12. Weak multipath stemming from the irreg-
ular terrain prevails in these road sections. However, the multipath is
occasionally intensified by strong replicas of the probe signal reflected
by man-made objects, such as road signs and metallic safety barriers.

The road also presents sections with sharp curves bordered by steep moun-
tain walls. These curved sections are interesting since the walls can hinder
a prompt visual detection of oncoming vehicles, as in the scenario shown
in Fig. B.11b Furthermore, such sharp curves can obstruct the LOS path
between communicating vehicles. This latter situation is illustrated in Fig.
B.9b, where the receiver is about to lose LOS contact with the transmitter
as both vehicles take a long curve stretch that passes through a mountain
cutout. During the experiments, we observed LOS blockages also in straight
sections of the road. These blockages were caused by vehicles of large di-
mensions that found themselves momentarily placed between the transmitter
and the receiver, as in the instance shown in Fig. B.12b

The traffic dynamics of the Federal Highway 80D allowed us to record
the probe signal’s spectral dispersion during overtaking maneuvers. The test
vehicles performed these maneuvers on each other in a controlled sequence
that was coordinated using portable two-way radios. Figure B.12a shows the
transmitting vehicle performing an overtaking on the receiving vehicle. In
addition to these coordinated maneuvers, spontaneous overtaking, involving
a third party and one of the test vehicles, were prompted arbitrarily by the
traffic conditions. One of such non-coordinated maneuvers is depicted in
Fig. B.11a , where a truck is overtaking the transmitting vehicle.
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Figure B.8: Map showing the route of the measurement campaign.

| Transmitter

(b) Transmitter camera

Figure B.9: Two sections of the road with steep rock walls on both sides.

B.6 Measurement Results of the Doppler Spec-
trum

This section presents the empirical Doppler spectrum recorded during our
experiments. The discussion focuses on the relevant Doppler statistics of
time-varying V2V channels. We describe the processing methods used to
compute the Doppler spectrograms and the corresponding moments from
the empirical data.
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_# Transmilter

Figure B.10: Section of the road with steep mountains on both sides and an
under bridge pass (Receiver camera).

Transmitter

Moving
reflector

(a) Receiver camera

Receiver vehicle

(b) Transmitter camera

Figure B.11: Two sections of the road with a steep rock wall on one side.

B.6.1 Pre-Processing

Before computing the channel’s statistics from the measured data, a data
pre-processing stage is necessary to address the practical issues of our chan-
nel sounding platform that are discussed in Section B.4.2. The pre-processing
stage consists of the following actions:

M.Sc. Jorge Daniel Cardenas Amaya



132

Transmitter

(a) Receiver camera

Moving LOS
reflector
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Figure B.12: Two sections of the road in open field with mountains in the
distance.

1. Center the snapshots of the measured spectrogram, i.e., correct the
frequency drifts due to temperature effects.

2. Compute correlation with a proper mask to mitigate the effects of
cross-terms in the measured spectrogram.

3. Scale the processed spectrogram’s values back to the original power
levels.

4. Apply a noise floor threshold to set all values below this threshold to
the same level.

Figures B.13 and B.14 show the raw spectrograms of two measurement runs,
one at 760 MHz and the other at 2,500 MHz, respectively. In Fig. B.13, the
measurement route went from point A to point B (cf. Fig. B.8), whereas
in Fig.B.14, it went from B to A. Both figures show the header and tail
control snapshots that we used as a reference to correct the frequency drift
due to temperature effects. This impairment, observed in both figures, does
not change significantly over time. However, the received signal’s frequency
is deviated from the central frequency due to drifts in past observations.
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Figure B.13: A raw spectrogram recorded at 760 MHz.

The pre-processed version of the raw spectrograms in Figs. B.13 and B.14
are presented in Figs. B.15 and B.16, respectively. These sanitized spectro-
grams were obtained following the procedures described in Section B.4.2 for
frequency drift correction and noise clipping. The frequency dispersion of
the probe signal, which is caused by multipath propagation and the Doppler
effect, can be observed clearly in Figs. B.15 and B.16. As soon as the vehi-
cles start to move, part of the probe signal’s power is spread out, forming
a contour bounded by the instantaneous maximum Doppler shift, v (¢),
due to static reflectors. This frequency shift is given by

Ur (t) + ’UR(t)

stat:
Z0 .

o (B.15)
where vr(t) and vg(t) denote the instantaneous speed of the transmitter
and receiver, respectively [142]. The maximum Doppler shift is observed
when the probe signal is reflected by an object located either in front (or
nearly in front) of the receiver, or behind the transmitter. These propagation
conditions are recurring in the route of our experiments due to the presence
of traffic signs, rocky hillsides, or bridges. For the measurements at 760 MHz,
the largest maximum Doppler shift was produced when the transmitting
and receiving vehicles were moving at a speed of about 110km/h, causing a
peak value of % (t) of around 169 Hz. Likewise, for the measurements at
2,500 MHz, the maximum Doppler shift was produced for vr(t) = vg(t) ~
120km/h, corresponding to v (¢) ~ 555 Hz. The frequency dispersion of
the probe signal changed frequently throughout the measurement route due
to the traffic dynamics. Indeed, Figs. B.15 and B.16 show the spreading (and
despreading) effects of the vehicles’” acceleration (and deceleration) on the
signal frequency dispersion. Such effects are more evident when the vehicles
begin and conclude their transit, but can also be identified along the route

by the unceasing widening and narrowing of the recorded spectrogram.
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Figure B.14: A raw spectrogram recorded at 2,500 MHz.
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Figure B.15: A pre-processed spectrogram recorded at 760 MHz.

B.6.2 Doppler Signatures of Relevant Road Safety Events

The spectrograms presented in Figs. B.13— B.16 show that the measurement
platform described in Section B.4 is capable of recording the frequency dis-
persion caused by multipath propagation and the Doppler effect. A close
inspection of the measured spectrograms suggests that the platform allows
recording the Doppler signatures of relevant events to road safety, as those
produced by rapidly oncoming vehicles and overtaking maneuvers. Fig. B.17
exemplifies a common road event by extracting a segment of eleven seconds
of the spectrogram in Fig. B.15. This segment was recorded on an open-field
road section when a large truck was approaching, passing by, and driving
away. During this event, the transmitter and receiver vehicles always main-
tained a LOS path with the truck. Figure B.18 presents three pictures of
this event captured by the transmitter’s video camera at the time instants
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Figure B.16: A pre-processed spectrogram recorded at 2,500 MHz.
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Figure B.17: An interval of a pre-processed spectrogram recorded at
760 MHz during an event involving a rapidly oncoming vehicle in an open-
field road segment.

at which: the reflection from the oncoming truck was detected (Fig. B.18a) ,
the truck and the receiver were side by side (Fig. B.18b) , and the truck was
driving away and the reflected signal was about to disappear (Fig. B.18c)
Fig. B.19 shows the corresponding Doppler spectra of these three time
instants. We can observe from Figs. B.17 and B.19 that the reflection of the
oncoming truck produces a tall spectral spike that commutes from an initial
positive frequency of around 250 Hz to a negative frequency of -250 Hz. This
behavior is consistent with the theoretical models of electromagnetic wave
propagation when the source and the observer are in motion [143,144].

Figure B.20 shows another segment of the spectrogram given in Fig. B.15
during a second event involving a rapidly oncoming truck. However, this
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(a) Oncoming vehicle approaching the receiver
(time instant ¢, = 112.8 s)

(b) Oncoming vehicle side-by-side wih the re-
ceiver (time instant ¢, = 115.8 s)

(¢) Oncoming vehicle driving away from the re-
ceiver (time instant ¢, = 119.8 s)

Figure B.18: Photo sequence of an event in which a rapidly oncoming vehicle
passes by the receiver in an open-field road section.

event took place on a curved stretch bordered on the right-hand side (from
the test vehicles’ perspective) by a long and tall hillside, and on the left-
hand side by a short rocky wall. Fig. B.21 presents a sequence of pictures of
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Figure B.19: Doppler spectrum recorded at 760 MHz and three different time
instants (t, = 112.8 s, t, = 115.8 s, t. = 119.8 s) during an event involving
a rapidly oncoming vehicle in an open-field road section.

the propagation scenario taken by the transmitter at different time instants
during the event. The corresponding Doppler spectra recorded at such time
instants are shown in Fig. B.22. An important difference with the previous
event is that the LOS path with the oncoming truck was obstructed for most
of the event duration. First, an initial blockage between the transmitter
and the truck was caused by the short rocky wall (see Fig. B.21a). Then
a subsequent blockage between this truck and the receiver was yielded by a
second truck located right in front of the receiver (see Fig. B.21b). Despite
such blockages, a NLOS link among the transmitter, the oncoming truck,
and the receiver was presumably maintained at all times during the event
by a double reflection mechanism. Note that the initial LOS obstruction
between the transmitter and the oncoming truck can be circumvented if the
probe signal is reflected either by the long hillside or by the second truck (cf.
Fig. B.21a). Then, the signal can be reflected once more by the oncoming
truck in the direction of the receiver. This is plausible, as the LOS between
the receiver and the oncoming truck was not blocked at the beginning of
the event, since the road’s curvature kept the second trailer (in front of the
receiver) out of the visual field. Such a doubly-reflected signal produces a
spectral spike whose frequency would be Doppler shifted to a positive value
exceeding the maximum Doppler shift, 52 (t), caused by static reflectors. It
occurs under the aforementioned conditions as the doubly-reflected signal’s
direction of arrival and the receiver’s direction of motion are nearly the same.
A spectral spike with such characteristics, located at a frequency of 270 Hz,
was recorded at the beginning of the event, as observed in Fig. B.22.

The event becomes even more interesting when the LOS path between the
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Figure B.20: An interval of a pre-processed spectrogram recorded at

760 MHz during an event involving a rapidly oncoming vehicle in a curved
road section.

receiver and the oncoming truck is obstructed by the second truck, whereas
the transmitter has a LOS path to both the receiver and the oncoming
truck, as illustrated in Fig. B.21b. The obstruction by the second truck
hinders a direct reception of the signal reflected by the oncoming truck.
However, the geometrical configuration of the propagation scenario allows
the reflected signal to propagate back to the transmitter and undergo a
second reflection off this latter vehicle in direction to the receiver. The
resulting doubly-reflected signal will produce a spectral spike at a negative
frequency smaller than —u5% (¢) because the signal’s direction of arrival,
and the receiver’s direction of motion are nearly opposite in this case. This
explains the spectral spikes at -260 and -280 Hz in Fig. B.22.

Several events similar to the two analyzed above were recorded along the
measurements route. These events, which involved even small vehicles, can
be identified in Figs. B.15 and B.16 by the small white spots and vertical
whiskers (lines) coming out of the contour bounded by v (¢).

Regarding the Doppler signatures of overtaking maneuvers, Fig. B.23
shows a thirty-one seconds segment of a spectrogram recorded at 2,500 MHz
in an open-field road scenario. This segment corresponds to the moments
where the transmitter increased its velocity to approach the receiver, changed
lanes, performed the overtaking, and reincorporated to its original lane. The
maneuver was conducted in a coordinated manner using portable two-way
radios and with the test vehicles having a LOS path to each other. At the
beginning of the maneuver, and as a result of the transmitter’s accelera-
tion, the probe signal’s frequency shifts slightly away from the origin toward
positive frequencies. Then, as the transmitter passes by the receiver, the
signal’s frequency drifts rapidly to the negative frequencies. Finally, when
the transmitter changes lanes again and decelerates to complete the maneu-
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(a) Oncoming vehicle hidden to the transmitter
by the rock wall on the left-hand side (time in-
stant ty = 354.8 s)

(b) Oncoming vehicle hidden to the receiver by a
second truck (time instant t, = 357.8 s)

(¢) Oncoming vehicle driving away from the re-
ceiver (time instant ¢ty = 359.8 s)

Figure B.21: Photo sequence of an event in which a rapidly oncoming vehicle
passes by the receiver in a curved road section.

ver, the probe signal’s frequency drifts once again in direction to positive
frequencies to relocate around the origin. A similar Doppler signature was
observed when the transmitter was overtaken by the receiver.
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Figure B.22: Doppler spectrum recorded at 760 MHz and three different
time instants (t; = 354.8 s, t. = 357.8 s, t; = 359.8 s) during an event
involving a rapidly oncoming vehicle in a curved road section.

B.6.3 Doppler statistics

The spectral moments of the empirical instantaneous Doppler spectrum can
also be computed from the data recorded during our experiments. Two
important moments of the Doppler spectrum are the mean Doppler shift
and the Doppler spread [170]. The mean Doppler shift describes the mean
frequency drift that the signal experiences due to the relative motion be-
tween the transmitting and receiving vehicles. In turn, the Doppler spread
describes the frequency spread that the signal experiences during the trans-
mission. By considering the empirical Doppler spectrum S(v,t}), the in-
stantaneous mean Doppler shift can be computed as

2 vS(v,ty) dv

Bi(t) = _ i
W) =g ) v

(B.16)

The empirical instantaneous Doppler spread is given by

2 (v = Byt Zgu,t’ dv
Bty - | 2= = g((’;))md(y el (B.17)

In practice, the range of measured frequencies does not extend to infinity.
Therefore, we compute these statistics by integrating only over the measured
frequency window.

In addition to the instantaneous values of Bj(t}) and Bs(t},), we also
computed the empirical distributions of these two spectral moments and
tested their fitting against several well-known theoretical distributions. The
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Figure B.23: An interval of a pre-processed spectrogram recorded at
2,500 MHz during an overtaking maneuver.

parameters of such theoretical distributions were obtained via maximum
likelihood estimation using the fitdist function of MATLAB®. This func-
tion allows testing twenty-one different distributions. Nonetheless, for the
analysis of Bj(t},), we can only work with six distributions, as the other six-
teen are not valid for continuous random variables, or their range is limited
to positive values. However, for the analysis of By(t},), we can test nineteen
different continuous distributions. Furthermore, we conducted a goodness-
of-fit test on each estimated theoretical distribution to determine whether a
particular theoretical model is suitable for the measured data. Specifically,
we considered the Kolgomorov-Smirnov goodness-of-fit (KSGOF) test at a
significance level of 5%. In addition, we computed the Jensen-Shannon di-
vergence (JSD) to determine which of the distributions that passed the test
provide the best fit against the measured data.

Mean Doppler shift

We first analyze the mean Doppler shift of the spectrograms presented in
Figs. B.15 and B.16. The waveform of B;(t},) computed at 760 MHz is shown
in Fig. B.24. For this particular waveform, the time-averaged mean Doppler
shift,

— 1 K
B, = e Zk:l By (t}) (B.18)

is equal to By = —5.13 Hz, whereas the standard deviation of By (t},)

71 = J L B(f) - B (5.19)

is equal to @, = 10.72Hz. From Fig. B.24, we can observe that the mean
Doppler shift fluctuates slightly around the central frequency, but it has
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Figure B.24: Instantaneous mean Doppler shift of a measured spectrogram
at 760 MHz.
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Figure B.25: Instantaneous mean Doppler shift of a measured spectrogram
2,500 MHz.

sharp peak values of up to -60, -80, and -116 Hz. The videos recorded over
the route reveal that these peak values correspond to scenarios in which the
transmitter was left behind by a rapidly accelerating receiver. In fact, the
largest values at -80 and -116 Hz were recorded under NLOS conditions. On
the other hand, Fig. B.25 shows the waveform of By (t}) computed from the
spectrogram at 2,500 MHz. For this waveform, we have B; = —18.19 Hz and
o1 = 31.0729 Hz. The largest peak value of By (t},), which is of about 205 Hz
and can be observed in Fig. B.25 at ¢ ~ 9min, was caused by an accelerating
transmitter in a maneuver to shorten the distance to the receiver.

The empirical probability distribution function (PDF) and cumulative
distribution function (CDF') of By (t},), computed from the spectrogram recorded
at 760 MHz, are presented in Fig. B.26. The theoretical distributions that
passed the KSGOF test namely, the Stable and t Location-Scale distribu-
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Figure B.26: Empirical distribution of the instantaneous mean Doppler shift
at 760 MHz.

tions, are also shown in Fig. B.26. The JSD was equal to 0.0100 and 0.0103,
for the Stable and t Location-Scale distributions, respectively. Based on this
metric, we conclude that the best fitting is obtained for the Stable distribu-
tion with parameters a = 1.76, § = —0.37, v = 5.32, and § = —3.99.

Likewise, the empirical distribution of the instantaneous mean Doppler
shift at 2,500 MHz is shown in Fig. B.27. We observe that the mean Doppler
shift spreads over a larger range of values. This occurs because the Doppler
shift is larger as the carrier frequency increases. Moreover, the values are
distributed around the proximity of the central frequency. The Logistic and
t Location-Scale distributions were the models that passed the KSGOF test
and their corresponding JSD was equal to 0.0133 and 0.0128, respectively.
Based on the JSD, it follows that the t Location-Scale distribution provides
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Figure B.27: Empirical distribution of the instantaneous mean Doppler shift
at 2,500 MHz.

the best fitting. For this distribution, the estimated parameters are equal
to u = —18.64, 0 = 24.32, v = 5.42.

The empirical and theoretical distributions of By (t},) presented in Figs. B.26
and B.27 show that the measured instantaneous mean Doppler shift is dis-
tributed almost symmetrically around its average value, B;. This obser-
vation is consistent with the geometry of the three propagation scenarios
described in Section B.4. Moreover, the fact that the time-averaged value
of Bi(t},) is negative for the two carrier frequencies suggests that the multi-
path signal was arriving at the receiver mainly from a direction opposite to
the direction of motion of this vehicle. This is also consistent with how the
experiments were carried out. Hence, the obtained results indicate that our
measurement platform provides coherent information about the statistics of
By (t},).
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Figure B.28: Instantaneous Doppler spread of a measured spectrogram at
760 MHz.
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Figure B.29: Instantaneous Doppler spread of a measured spectrogram at
2,500 MHz.

Doppler spread

We next analyze the Doppler spread of the pre-processed spectrograms in
Figs. B.15 and Fig. B.16. The instantaneous Doppler spread, Bs(t},), com-
puted from the spectrogram at 760 MHz is shown in Fig. B.28, whereas the
waveform of By(t},) computed from the spectrogram at 2,500 MHz is pre-
sented in Fig. B.29. Both figures show that the smallest values recorded for
this spectral moment are not equal to zero. This occurs because the trans-
mitted probe signal is not a perfect impulse function, as shown in Fig. B.7.
Therefore, the received power is not concentrated at a single frequency. In-
stead, it is distributed over a narrow bandwidth, causing a small bias in the
computation of By(t)). However, such a bias can be compensated easily.
The behavior of the Doppler spread at 2,500 MHz is similar to the one ob-
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served at 760 MHz. Nonetheless, larger Doppler spread values are obtained
at 2,500 MHz due to the larger spectral dispersion that results from increas-
ing the carrier frequency. The effects of the carrier frequency on the Doppler
spread are highlighted by the analysis of the time-averaged Doppler spread

— 1 K p
By = e Zk:l By (t},) (B.20)

and the standard deviation of By (t},)

Ty = \/[1( S [Ba(t)) — Bl (B.21)

For the waveform of By (t,) at 760 MHz, we have By = 15.84 and & = 11.35,
whereas By = 52.21 and &, = 40.3754 for the waveform at 2,500 MHz.

Regarding the distribution of By(t},), Figs. B.30 and B.31 show curves of
the empirical PDFs and CDFs of the waveforms presented in Figs. B.28 and
B.29. For the probe signal at 760 MHz, the empirical distribution of Bs(t},)
can be fitted against the Burr, the Generalized Extreme Value, the Log-
Logistic, and the Stable distributions, as these four theoretical distributions
passed the KSGOF test. In that same order, the obtained JSD was equal
to 0.0065, 0.0050, 0.0043, 0.0055. The best fitting was therefore against the
Log-Logistic distribution with parameters ¢ = 1.80 and o = 0.6594. On the
other hand, for the probe signal at 2,500 MHz, the empirical distribution
of By(t)) can be fitted only against the Generalized Extreme Value and
the Stable distributions. The JSD of these two distributions was equal to
0.0167 and 0.0180, respectively, meaning that the best fitting was against
the Generalized Extreme Value distribution. The estimated parameters of
this distribution were £ = 0.28, 0 = 20.97 and p = 24.18.

The statistical results presented in Figs. B.26, B.27, B.30 and B.31
demonstrate that our measurement platform is an effective tool for the em-
pirical characterization of the Doppler spectrum of V2V channels. However,
such results are site specific, as they were obtained without considering the
differences between the variety of propagation scenarios along the measure-
ments route. To provide results that are meaningful beyond the particu-
lar location of our measurement experiments, we present in Table B.3 the
empirical statistics of By(t},) and Bs(t}) by considering a classification of
propagation scenarios. Specifically, the classification is based on the three
propagation scenarios described in SectionB.5.2. The results in Table B.3
can be used as guidelines for the spectral moments analysis of V2V chan-
nels in highway scenarios having characteristics similar to those described
in SectionB.5.2.

B.7 Path-loss and Large-Scale Fading

The measurement set up described in Section B.4 is commonly used to char-
acterize the path-loss profile and large-scale fading distribution. In this sec-
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Figure B.30: Empirical distribution of the instantaneous Doppler spread at
760 MHz.

tion, we address the computation of these two statistics from the recorded
Doppler spectrograms. Our analysis begins by decoupling the total received
power into its path-loss and fading components.

By neglecting the power of the additive noise,! the instantaneous total
received power in decibels (dB) of the Doppler spectrum S(v,t},) is given by

P(t,) = 101logy, < / (v, t;)dy> . (B.22)
In practice, the integration is computed only over the range of measured

frequencies. The total received power can be separated into the contributions
of the average power and the small-scale fading

P(t)) = Palty) + Ps(ty) (B.23)

!This consideration is justified since we apply a noise floor threshold to the measured
spectrograms in the pre-processing stage.
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Figure B.31: Empirical distribution of the instantaneous Doppler spread at
2,500 MHz.

where P,(t}.) is the average received power (in dB) and Ps(t}) is the power
of the small-scale fading (also in dB). The average power is computed here
using a window filter over multiple observations of the total received power.
The window filter vanishes the fluctuations of the total received power due
to small-scale fading. In turn, the average received power is decoupled into
two components as

Pa(ty) = Pa(ty) + Pilt) (B.24)

where Pqy(t},) is the received power level due to path-loss effects given as a
function of the distance, and Py(t}) are the contributions of the large-scale
fading. The path-loss profile can be described by the linear function

Pa(ty,) = Py — Kd(t},) (B.25)
where Py is a reference power level, K is a constant related to the signal loss
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Table B.3: Statistics of the mean Doppler shift (MDS) and Doppler spread
(DS) for the two carrier frequencies and the three scenarios described in
SectionB.5.2.

Scenario By 71 By a2 MDS MDS PDF Pa- DS PDF DS PDF Pa-
PDF rameters rameters
#1 @760 MHz -7.44 1117 17.35 12.97 Stable a = 167, Log- =185 0=
g = —0.63, Logistic 0.67
v = 4.60,
0=-5.49
#2 Q760 MHz -7.86  9.68 15.65 9.11 Stable a = 163, Generalizedk = 0.34,
8 = =099, Extreme o = 4.64,
vy = 398, Value u=—0.22
0=-5.31
#3 Q760 MHz -0.64 894 13.77 9.36 Stable a = 195, Stable a =099 8=
8 = —0.99, 0.99, v = 2.46,
v = 5.75, 6 =341
0=-5.49
#1 @2500 MHz -21.76 29.43 58.95 39.44 Logistic uw = —22.02, Log- =365 0=
o =15.23 Logistic 0.49
#2 @2500 MHz -21.48 37.63 49.10 37.52 Generalized & = —0.12, Log- w=2334,0=
Extreme o =33.11, u = Logistic 0.65
Value —37.19
#3 @2500 MHz -12.64 29.73 45.10 41.18 t uw = —12.37, Exponential = 36.51
Location- ¢ =19.09, v =

Scale 2.97

and d(t}) is the instantaneous separation distance between vehicles at time
t.

To obtain the power statistics, we compute the instantaneous separation
distance among the transmitting and receiving vehicles and decouple the
corresponding power levels following (B.23)-(B.25). First, the instantaneous
separation distances between vehicles are computed from the measured lat-
itudes and longitudes using the haversine formula. Next, we compute the
average received power by means of a window filter and perform linear re-
gression to obtain the empirical path-loss profile. Finally, we compute the
empirical distributions of the large-scale fading. The empirical distributions
of the fading statistics were computed harnessing all the experimental data
measured at the corresponding frequencies. We fit the empirical fading dis-
tributions to theoretical PDFs. For our experiments, the best fitting was
obtained against the log-normal distribution for the empirical large-scale
fading.

The proper identification of the availability of LOS conditions in the
measured intervals is obtained by inspecting the recorded videos synced
with the time information of the measured spectrograms. The visualization
of the instantaneous power measures and the availability of LOS conditions
enables us to observe and understand the effects of attenuation due to the

separation distance and fading, as well as the repercussions of losing the
LOS paths.
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Figure B.32: Received power of a measured spectrogram at 760 MHz.
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Figure B.33: Received power of a measured spectrogram at 2,500 MHz.

The instantaneous received power during a time interval of a measured
spectrogram at 760 MHz is depicted in Fig. B.32. We plotted the total re-
ceived power, the average received power and the indicator of the availability
of LOS conditions. The empirical data were obtained for the pre-processed
spectrogram in Fig. B.15. The total received power presents multiple fluc-
tuations due to small-scale fading. The average received power has a more
uniform behavior since the vehicles’ motion profiles were almost constant
during the observed time interval. However, the unavailability of LOS con-
ditions paired with the separation distance among vehicles produce losses in
the average received power, e.g., in the interval from 190 to 210s.

Figure B.33 shows the received power during an interval of a measured
spectrogram at 2,500 MHz. This figure presents curves of the total received
power, the average received power, and the indicator of the availability of
LOS conditions corresponding to the spectrogram in Fig. B.16. In this
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Figure B.34: Empirical path-loss profile at 760 MHz.
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Figure B.35: Empirical path-loss profile at 2,500 MHz.

particular interval, the LOS conditions were available in most observations.
In this spectrogram segment, the transmitting and receiving vehicles were
accelerating to increase their speeds and separation distance. Indeed, this
effect is observed during the first 70s of the interval, where the received
power decays over time as the vehicles separate. A second power decay is
shown at the end of this interval, in which the separation distance among
vehicles increases and the signal attenuates. Moreover, we can observe the
effects of losing the LOS conditions in the interval from 70 to 90s, where
the signal experiences a severe attenuation.
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Figure B.36: Empirical large-scale fading distribution at 760 MHz.

Path-loss

We first focus our attention on the empirical path-loss profiles of the mea-
sured data at 760 MHz and 2,500 MHz. The empirical path-loss profile of
the measured spectrograms at 760 MHz is depicted in Fig. B.34. This plot
shows the constellation of the measured data and the linear function that de-
scribes the path-loss profile. The constellation of measured data shows that
most experiments were performed with separation distances between 100
and 400m. The obtained parameters for this empirical path-loss profile are
Py = —35.50 dBm and K = 0.08. Moreover, Fig. B.35 shows the empirical
path-loss profile of the measured spectrograms at 2,500 MHz. The separation
distances of the experiments performed at 2,500 MHz were mainly between
50 and 150m. The corresponding parameters for the empirical path-loss
profile at 2,500 MHz are Py = —65.85 dBm and K = 0.08. These results
show that the path-loss profile varies with the carrier frequency. Indeed, the
losses at a higher frequency are more significant, as can be observed in the
spectrograms shown in Figs. B.15 and B.16.

Large-scale fading

We next analyze the empirical distributions of the power of large-scale fad-
ing for both measured carrier frequencies at 760 MHz and 2,500 MHz. The
empirical distribution of the large-scale fading at 760 MHz is depicted in Fig.
B.36. The empirical distribution was fitted against a log-normal distribution
with = 0 and o = 0.89. The theoretical PDF has a shape similar to the
empirical distribution and fits well the data for most power levels. Further-
more, Fig. B.37 shows the empirical distribution of the large-scale fading for
the carrier frequency at 2,500 MHz. This empirical result is similar to the
one obtained for the measurements at 760 MHz with small differences in the
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Figure B.37: Empirical large-scale fading distribution at 2,500 MHz.

tail of the distribution. The theoretical PDF fitted to the latter empirical
data follows a log-normal distribution with 4 = 0 and ¢ = 0.87, which verify
the similarity between both empirical distributions.

B.8 Final Remarks

In this paper, we described the implementation of a Doppler spectrum mea-
surement platform for time-varying V2V channels that can be assembled
using general-purpose hardware. This platform employs an RF signal gen-
erator and an SA to record traces of the channel’s Doppler spectrum. Similar
platforms have been widely employed to gather empirical data of the chan-
nel’s path-loss profile and fading statistics. However, we have shown here
that the same channel sounding architecture can be harnessed as well to
measure the channel’s time-varying Doppler spectrum.

We assessed the capabilities of our implementation by performing field
experiments at 760 MHz and 2,500 MHz in highway scenarios near San Luis
Potosi, México. The obtained results demonstrate that our measurement
platform lends itself for the empirical characterization of the channel’s time-
varying spectral moments. The results also show that our platform allows
to identify the Doppler signatures of the V2V channel during events relevant
to road safety. In fact, the spectral signature of one of the events analyzed
in this paper shows that the transmitted signal may reach the receiver by a
double-reflection mechanism. While this propagation mechanism has been
previously reported and modeled in the literature, the results presented here
suggest that the body of the transmitting vehicle can also be involved in such
a double reflection path. To the best of the authors’ knowledge, the role of
the transmitter (and by extension, of the receiver) as a potential reflector
has not been considered for the modeling of double-reflection (or double-
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scattering) multipath V2V channels.

We also analyzed the empirical statistics of the instantaneous mean
Doppler shift and Doppler spread for three different propagation scenar-
ios that are commonly found on a mountainous road, namely: A scenario
with rock walls on both sides of the road, a scenario with rock walls only on
one side of the road, and an open field road. The mean Doppler shifts were
distributed almost symmetrically around their average value. The largest
Doppler spread was observed in the former scenario (two rock walls), whereas
the smallest was observed in the latter (open field), as one would expect.
In addition, we computed the empirical path-loss profile and the empirical
distributions of the large-scale fading. The path-loss profile of our measured
data was modeled by a linear function, whereas the empirical distribution of
the large-scale fading provided a good fitting against the log-normal PDF.
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Appendix C: Informed consent

CARTA DE CONSENTIMIENTO
INFORMADO

Universidad Auténoma de San Luis Potosi
Facultad de Ciencias

El presente documento es dirigido a estudiantes de la Facultad de Cien-
cias de la Universidad Auténoma de San Luis Potosi (UASLP) y publico en
general que deseen participar en el las experimentaciones del proyecto:

Deteccion de Caidas Empleando la Informacion del Estado del
Canal WiFi.

Las personas deben declarar no presentar afecciones como osteoporo-
sis, artritis, lesiones o traumatismos que puedan comprometer su salud al
momento de desarrollar las experimentaciones. Ademas, deberan realizar
ejercicios de calentamiento para evitar cualquier tipo de lesiéon durante la
ejecucion de los movimientos. Las experimentaciones seran supervisadas
por el M.C.A. Jorge Daniel Cardenas Amaya, estudiante del Doctorado en
Ciencias de la Ingenieria de la Facultad de Ciencias, UASLP. El protocolo se
desarrollara dentro de las instalaciones del Laboratorio de Comunicaciones
Indlambricas de la Facultad de Ciencias. Si usted decide participar en este
estudio, es importante que considere la siguiente informacion.

INTRODUCCION

La mejora de la calidad de vida se ha traducido en un aumento de la es-
peranza de vida. En 2019, la poblacion mayor de 65 anos tuvo un crecimiento
del 3% en comparacion con 1990. La expansién poblacional proyectada in-
dica que las personas mayores representaran el 16% de la poblacién mundial
para 2050. Gran parte de este sector de la sociedad tiende a vivir de forma
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independiente. Por este motivo, es necesario proporcionar sistemas de mon-
itoreo y asistencia médica a distancia. Segun la Organizacion Mundial de
la Salud, 37.3 millones de personas mayores requieren atencion médica cada
ano por lesiones causadas por caidas. Por lo tanto, nuestras experimenta-
ciones se enfocan en la deteccion de estos eventos en particular.

OBJETIVO

Este trabajo busca realizar un analisis sistematico de los efectos de la
orientacion de las antenas en un sistema de deteccion de caidas basado en
las firmas Doppler de seniales WiFi. Por lo tanto, se requiere generar una base
de datos que contenga los cambios producidos por el movimiento humano en
presencia de senales de radiofrecuencia WiFi dentro de un ambiente interior.

PROCEDIMIENTO

Su participacion consistird en seguir las siguientes instrucciones durante
el desarrollo de las n pruebas establecidas:

« Antes de realizar las pruebas se le pedird que realice algunos ejercicios
de calentamiento. Estos movimientos consisten en estiramientos para
evitar sufrir una lesién.

» Todas las pruebas seran realizadas en una habitacién donde solamente
se encontrara presente el participante. Por lo tanto, el inicio y fin de
las pruebas es indicado a través de alarmas visuales y auditivas para
iniciar y detener las acciones de los voluntarios.

e Durante la primer prueba usted caminara dos metros y medio a un
ritmo constante en una direccién fija delimitada en el suelo del lu-
gar de experimentacién. Después repetird la trayectoria en sentido
contrario, estas actividades seran repetidas hasta escuchar el sonido
correspondiente al fin de la prueba.

o Lasegunda prueba consiste en caminar dos metros y medio en direccion
perpendicular a las antenas de la experimentacién. Se realizaran 5
repeticiones de esta trayectoria.

e En la tercer prueba usted comenzara desde la posicion estatica en el
punto mas alto de la escalera y al iniciar la prueba descendera por los
escalones de la escalera hasta el nivel del suelo. Una vez llegada a esta
posicion final, tendra que permanecer estatico hasta escuchar el sonido
de finalizacion.

UASLP — Posgrado en Ciencias de la Ingenieria September, 2023



Wireless Perception using Deep Learning for Vehicular and
Human Detection 157

e La cuarta prueba comenzara desde el ultimo punto de la prueba tres,
en este caso la indicacién visual y auditiva le indicara que tiene que
comenzar su movimiento. En esta prueba se ascenderd por la escalera
hasta el punto mas alto y se permanecera estatico al concluir esta
actividad.

e La prueba tres y cuatro seran alternadas por cada repeticion que sea
requerida.

o La quinta prueba se realiza desde el nivel del suelo y comienza en
un estado estatico estando de pie. En este caso, usted permanecera
inmovil hasta que sea indicado el inicio de la prueba. Una vez iniciada
la prueba, usted procedera a caer sobre una superficie acolchada donde
una vez que haga contacto permanecera inmovil hasta la indicacion
auditiva.

o La sexta prueba se llevara a cabo en el tercer escalén de la escalera del
ambiente interior. Partiendo de una posicién de pie y permaneciendo
estatico en el escalon, usted realizard un movimiento de caida hasta
la superficie acolchada al frente de la escalera. Una vez realizado el
movimiento se le pedird que permanezca inmévil hasta la indicacion
de finalizacion.

e Las actividades necesarias para las ultimas pruebas serdn una combi-
nacién de todas las anteriores y consisten en: 1) Bajar escalera, cam-
inar paralelamente a las antenas y bajar escalera. 2) Subir escalera,
caminar paralelamente a las antenas, subir escalera. 3) caminar par-
alelamente a las antenas y caer a la superficie acolchada. 4) caminar
perpendicularmente a las antenas y caer en la superficie acolchada. Y
5) bajar escalera y caer desde el tercer escalon a la superficie acolchada.

« Todas las pruebas seran repetidas un nimero de 5 veces para cada
uno de los dos escenarios que seran implementados en la habitacion.
Esto da un total de 10 repeticiones en cada prueba y un total de 70
movimientos que seran registrados.

o El tiempo de experimentacion total es de 1 hora y media aproximada-
mente.

BENEFICIOS

No recibira ninguna compensacién monetaria por su participacion en el
estudio. Sin embargo, si usted acepta participar, estard contribuyendo en
el desarrollo de un sistema para la deteccion de caidas libre de dispositivos.
Esto representa un avance en el cuidado de la salud de personas mayores y
la prevencion de eventos fatales.

M.Sc. Jorge Daniel Cardenas Amaya
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| CONFIDENCIALIDAD

Toda la informacién que usted proporcione para el estudio sera de carac-
ter estrictamente confidencial. Su informaciéon sera tnicamente en benefi-
cio de la investigacion del estudio. Ninguno de los datos recabados estara
disponible para ningtin otro propoésito. Los resultados de este estudio seran
publicados con fines cientificos, pero se presentaran de tal manera que no
podra ser identificado(a).

PARTICIPACION VOLUNTARIA

Su participacion en este estudio es absolutamente voluntaria. Usted esta
en plena libertad de negarse a participar o de retirar su participacion del
mismo en cualquier momento. Su decisién de participar o no en el estudio
no implicara ningin tipo de consecuencia o lo afectard de ninguna manera.

RIESGOS

Los riesgos durante su participacion en el estudio son de minimo riesgo
y se enlistan a continuacion:

1. Heridas leves.

2. Contusiones leves.
3. Rozaduras.

4. Torceduras.

5. Luxaciones.

En caso de que ocurriera alguno de estos accidentes, se le canalizara al
moédulo de atencion médica de la Facultad de Ciencias.

CONTACTO

Para cualquier duda o aclaracion sobre lo aqui presentado o durante la
ejecucion de la experimentacién, ponemos a su disposicion los siguientes
contactos:

1. M.C.A Jorge Daniel Cardenas Amaya.
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« Responsable del estudio.
o Tel. 4444-92-32-48

o Correo: j.cardenas@ieee.org
2. Dr. Carlos A. Gutierrez.

e Asesor del estudio.
e Tel. 8262300 ext. 5670

o Correo: cagutierrezQieee.org
3. Dra. Ruth Mariela Aguilar Ponce.

o Asesor del estudio.
o Tel. 8262300 ext. 5671

e Correo: rmal294@gmail.com

DECLARACION

o He leido y entendido el contenido de este documento.

e Se me han explicado los procedimientos y riesgos que conlleva mi par-
ticipacion durante la experimentacion.

o Todas mis dudas fueron aclaradas por los responsables del estudio.

e Declaro que no presento ninguna de las enfermedades que han sido
mencionadas por lo que mi salud no se encontrara comprometida du-
rante la ejecucion de las experimentaciones.

Declaro mi conformidad en participar en este estudio y autorizo que mi
informacion sea utilizada conforme a lo establecido en este documento.

PARTICIPANTE:

Nombre:

Fecha y Hora:

Firma del Participante

M.Sc. Jorge Daniel Cardenas Amaya
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