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“Remember that all models are wrong; the practical question is how wrong do they
have to be to not be useful.”

George Box






Abstract

mmWave Radar systems are becoming very common on vehicles and their capabili-
ties, in terms of range and velocity, make them suitable for another classical radar
application, the one related to the micro-Doppler effect.

From the processing of mmWave radar signals, the micro-Doppler effect can be
exploited, making so possible to extract interesting information on the observed
targets. With the huge bandwidth and the short signal transmission time, the
micro-Doppler effect can be used for different purposes such as target vibration
measurements or targets classification.

Thanks also to the advance of Machine Learning techniques, their combination with
radar signal processing is an interesting field to explore and can be used to provide
solutions to different radar problems.

The Micro-Doppler effect has a long story in Radar systems, a lot of literature can
be found on this topic but most of them consider non-commercial devices so is quite
away from a practical case. In this dissertation, different techniques to process the
micro-Doppler signals coming from automotive radars will be presented, with the
purpose of classifying them and extracting vibration information from the target.
The main contribution of this work is the proposal of novel techniques that can
be applied on a commercial sensor and makes them suitable for the micro-
Doppler application.
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1

Introduction

Advanced Driver Assistance Systems (ADAS) is one of the main research tasks
in automotive technology, that has provided more powerful sensors and Frequency
Modulated Continuous Wave (FMCW) Radars are one of them. To perform good
measurements and support assistance systems, Radars need huge bandwidth and
small Chirp Repetition Time (CRT) but these features can be powerful also to
extract micro-Doppler (mD) signals. To understand how is possible, first of all,
the mD must be introduced, only at this point why such sensors are useful in mD
applications can be discussed [1].

In this chapter, I will review the:

e Introduction to micro-Doppler effect;

o 77 GHz FMCW Automotive Radar sensors;

o Common techniques to extract range, velocity and angle of arrival in automo-
tive Radars.

1.1 Introduction to micro-Doppler effect

Radar systems can detect the velocity of a target thanks to the Doppler effect, this
is a frequency shift in the echo signal and is directly related to the target’s velocity.
In general, a target, is not an ideal “point” but is composed by different parts, such
as propellers for a drone or legs for a human, these produces an effect called mD
which is a distinctive characteristic of that particular target.The micro-movements
of these parts produce an additional Doppler shift which is the mD effect. This
signature can be used in military or civilian applications to discriminate targets,
identify human motion and many others. The mD effect can be observed with
many Radar modulation schemes, the most simple is for example the Continuous
Wave (CW). In this case, no modulation is added to the signal and the Radar

1



1. Introduction

transmits continuously, the echo is then multiplied with the source and the mD
can be extracted. Also with Automotive FMCW radars is possible to extract mD
signatures and this is one task in this dissertation.

Many examples of applications can be found in literature, in [2, 3, 4] the effect used
to study and identify different types of aircraft and drones while in [5, 6, 7] to study
human behaviours. For the purpose of this work we introduce the modeling of the
mD in two particular cases:

o The effect generated by a vibrating target;
o The effect generated by a target who is moving in front of the Radar.

Starting from how the mD appears in the echo generated by a vibrating target, it is
possible to resort to the model described in [1, 8]. We can consider a situation likes
the one depicted in Fig. 1.1.

w
A

Radar coordinates
(U,V,W) Reference coordinates

X, Y,2)

U

Figure 1.1: Example of a Radar and a vibrating point target. The Radar is
situated in position Q, and the target in P.

The mathematical model can be derived from the classical Doppler formulation
and the Radar can detect vibrations only along a radial direction. For the sake of
simplicity, we suppose that the target vibrates only in this direction with a main
vibration frequency f, and a displacement D,. In general, for a real vibrating
target, the frequency is not a single tone but, it is possible to use a simplified
model. Accordingly with [1], supposing the angles § and «, zero we can model the
displacement D(t):

D(t) = Dysin(2x f,t)cos(B)cos(ay,) = Dysin(2m f,t) (1.1)

The angles 8 and o, represent, respectively, the elevation angle of the Radar system
with respect to the plane (U,V), and «,, is the radial direction of the displacement. If
we denote by Ry the distance between the Radar and the target, the range distance
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can vary according to the law R(t) = Ry + D,(t). At this point, the received signal
becomes:

. R(t .

s(t) = p - explj(2m fot + 47r)(\))] = p-explj(2m fot + V(t)] (1.2)
where p is the backscattering coefficient, f; is the carrier frequency and A is the
wavelength. As defined above, R(t) is the displacement of the target so it is possible
to substitute these terms inside equation 1.2, and the result is a new formulation of

s(t):

s(t) = p- exp[j(47r}§\0) - explj2m fot + Dysin(2r ft) - 4;] (13)

The equation is composed by two terms, the former is related to the main distance
of the target Ry, the latter is related to the vibrational movement of the target. It
is now easy to extract the phase of this signal and evaluate the mD part of the total
Doppler effect. By indicating the quantity 27 f, with w,, it is possible to re-write
the micro-Doppler expression as:

v

fmp = cos(wyt) (1.4)

v
TA
As specified above, this model doesn’t take into account the direction of the vi-
brations. In a more general model, 5 and «,, are not zero and the equation must
include also these terms. But for the aims of this work, it is enough to understand
the principle of the vibration analysis performed with a Radar system. At this point,
it is possible also to understand how the wavelength plays a key role in the detection
of small vibrations. This parameter identifies the vibration resolution capability of
the system: an higher carrier frequency provides a better displacement resolution.
For example, by using a mmWave Radar it is possible to detect vibrations with a
displacement in the order of microns.

In the case of a more generic moving target composed of different parts, such as a
drone or a person, the modeling can be more complex. Each element can produce
a mD component accordingly the movement models described in [1] and the result
is the sum of them. The mD model can be in this cases extracted in different ways:
in [9, 10] the target is modeled as a series of points and the related mD is derived
applying Doppler models on each point. A comparison between simulations and real
Radar data can be found in [11].

In general in these cases the most simple way to analyze the mD is to extract them
from the Radar signal and apply processing techniques to extract information or
performing a target classification.

1.2 77 GHz FMCW Automotive Radar sensors

Autonomous driving is an important task in future vehicles, most manufacturers
have invested a lot in its development. The Society of Automotive Engineers (SAE)
has classified the autonomous driving systems into five levels and that are:
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o Level 0: No Driving Automation;

e Level 1: Driver Assistance;

o Level 2: Partial Driving Assistance;

o Level 3: Conditional driving Automation;
o Level 4: High Driving Automation;

o Level 5: Full Driving Automation.

A full description on the meaning of each level can be found in [12, 13, 14]. Au-
tonomous driving will involve sensor like Lidars, Global Positioning System (GPS),
Cameras and Radars and an overview on their coverage area can be found in Fig. 1.2.

Cameras /\}

Ultrasound sensors

Radar and Lidar
Sensors

Figure 1.2: Overview on ADAS sensors.

One of the most important sensors in the development of these technologies is the
FMCW Radar who, by following the European Telecommunications Standards In-
stitute (ETSI) regulation works at 79 GHz [15]. The interest of the automotive
market in Radar sensors makes it possible to find in the market very interesting
Radars with a small form factor and very powerful capabilities. This makes them
interesting also for other applications, such as the one related to the mD.

Radar is a device that uses electromagnetic waves to determine the location of ob-
jects by performing operations on received reflected waves. The term Radar is an
acronym for radio detection and ranging [16, 17] and a basic scheme of a mono-static
Radar sensor is depicted inside Fig. 1.3.

The transmitted signal is generated by a waveform generator and in the receiving
process is combined with the received one to obtain the target position or velocity.
In most applications, the Radar should be designed to meet specific performance
requirements. These requirements include the maximum range, range resolution,
maximum velocity, velocity resolution, the covered field of view in the angular space,

4
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Receiver Low Noise Antenna

Amplifier
Down
Converter

Local Oscillator <>

Up
Converter

Figure 1.3: Components of a simplified mono-static Radar system.

Human
Machine
Interface

Signal
Processor

Waveform
Generator

Power Amplifier

Transmitter

and many other additional demands. The same requirements are also placed on
the Radar in automotive applications. To meet these system requirements, the
fundamental performance characteristics are determined by what is referred to as
the Radar equation [16]. The amount of collected power can be modeled as:

PthGr)\QO'S PthAeO's
P _ 1.
" T @rPRY  (dn) R (15)

where P, is the received power, P, the transmitted power, A the wavelength of the
transmitted signal, o, the Radar Cross Section (RCS) of the target, R the distance of
the target, G; and GG, the gains of the transmitter and receiver antennas, A, = Gi 7;\2 is
the effective aperture of the receivers’ antenna. By reverting the formula is possible
to calculate the maximum detectable range where the minimum detectable power

by the receiver can be indicated as S,,.

P?fGtAeas
= (el 1.
=g ) (16)

Both equation 1.5 and 1.6 are valid in all Radar system so also in FMCW and must
take into account during the sensor development. A basic classification of automotive

Radars can be done on the range detection capability and this is reported inside
Tab. 1.1, [18, 19].
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Table 1.1: Classification of automotive radars based on range measurement capa-
bility.

Radar Type Long-Range Radars  Medium-range Radars Short-Range Radars
Frequency Band [GHz] 76 - 77 77 - 81 77 - 81
Bandwidth [MHz] 600 600 4000
Range [m] 10 - 250 1-100 0.15-30
Azimuthal feld of view [deg.] +15 +40 +80
Elevation feld of view [deg.] +5 +5 +10
Example Applications Automotive cruise control Lane change assist Park assist

1.2.1 FMCW Automotive Radar sensor

To understand how an FMCW Radar works, we can start from the block scheme,
which is depicted inside Fig. 1.4.

Receiver Antenna

A]r;z.i](?g lto Low Ig}glteill
igita Pass Filter 1gha

Converter Processor
Transmitter Antenna

T Chirp

Generator

Figure 1.4: FMCW Radar block scheme.

FMCW Radars transmit signals called chirps, these signals change their frequency
over time. This modulation scheme is an evolution of the CW Radars who transmit
only not modulated signals (a sinusoid) and are not able to estimate the distance
of a target. In linear chirp signals, the frequency change linearly with time so we
can have up-chirp when the slope is positive and down-chirp when is negative, in
the case of automotive Radars only up-chirps are present. The received signal is
then multiplied by the mixer with the received one and the result is sampled by
an analog-to-digital converter (ADC) after a low-pass filtering. The sampled signal
is called the Beat signal and on them is possible to perform computations able to
extract Range targets distances, velocities, and also Angle of Arrival (AoA). The
mixing operation and the obtained Beat signal are summarized in Fig. 1.5.

The Beat signal can be calculated only in the overlap area of the transmitted and
received signal, their frequency is strictly related to the round trip of the signal so
from the Echo Delay. If we suppose an ideal condition where only one target is
present, the Fcho Delay provides a Beat signal with a frequency derived from:

fB=f2— f1: (1.7)

The mixing operation generates also the sum component but this can easily be
filtered out. All the targets present in the observed area can generate an Echo so
the Beat signal in a real environment is the sum of all the fp generated from each
one. As the Echo delay can be written as 7 = 2R/c, where R is the target distance

6
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Transmitted Signal
_________ Received Signal

fstop ” ” ”
i) / |Af,z ’ e P

Frequency [HZ]A

’ 4 ’
Af ) 4 A 4 Y 4
’ ’ ’
’ 4 ’
fi ’ . ’ . ‘ -
fstart >
«—> < >< > Time [s]
Echo Delay Chirp repetition Time Chirp Time (Tchirp)
Overlap
Frequency [Hz] / Area
/\ Beat Signal
fheat — — Sm—
A
»
Time [s]

Figure 1.5: Chirp Transmission scheme.

and c the speed of light, we can model the Beat signal in terms of transmitted signal
parameters [20, 18]:

2RA;

/B = T + fp (1.8)
where T' is the sampling time, A the difference bandwidth and we can also indicate
the slope of the chirp frequency as Slope = A;/T. The Doppler shift fp can be
calculated as function of the velocity v:

2v

fp = 3 cosy (1.9)

We need the term cosy in order to take into account only radial velocity components.
From equation 1.8 we can see a fundamental parameter which is 7', if we decrease
this value we can sample higher Beat frequency so the sensor can detect a longer
range. This is a practical limit in our devices; remembering equation 1.6, not only
Smin 18 important but also T'. Is possible to receive a power bigger than .S,,;, but
if we not sample with a correct value we can detect only targets in a lower range.
The Beat signal can be now modeled as [21]:

s(t,l) = exp(j2n(fet — fp - 1 Tenirp + @) (1.10)

where ¢ is the time, also called fast-time, [ the chirp number, T¢p;p, is the chirp
duration and ¢ the signal phase. To calculate the distances of the detected targets
we can perform a Fast Fourier Transform (FFT) on the complex samples coming
from the ADC. This computation reveals all the frequency components of the Beat
signal and each one is related to a range distance. An example of this result is
depicted inside Fig. 1.6. Referring to Fig. 1.5, the FFT is computed for the samples
of the Beat signal collected in the overlap zone. On this computation, many aspects
can be discussed, for example, the ones related to the resolution capability. These
topics are outside our discussion as this introduction wants only to provide basic

7
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50

45 X 468750
X 304688 | |Y 45.8475
40+ Y 38.6581 .

X 703125
35 Y 37.7386

)
(=)
T
1

Amplitude
LI\;)]
T
|

X 1664060
Y 3.26854 T

Beat Frequency [Hz] x10°

Figure 1.6: Example of FFT used to calculate the target distances.

concepts useful to understand the work we did. An exhaustive, deeper discussion
can be found in [22, 23, 24]. The conversion from frequency to range (R) follows:
IBC

h= 2Slope (L11)

where following the Nyquist theorem the maximum detectable Beat frequency fg
can be fsampling/2 With fsampiing the sampling frequency of the ADC. Of course the
negative part is a result of the computation and can be neglected.

The other parameter which can be calculated is the velocity, this can be revealed only
by observing two or more adjacent chirps as the Doppler effect changes the argument
of the signal, described by equation 1.10, from a chirp to another. To calculate the
velocity, a common procedure is to collect the samples of the Beat signal inside a
matrix and perform a bi-dimensional FFT on them [25, 26]. A schematization of
the procedure can be found in Fig. 1.7.

In general Automotive Radars transmit frames of chirps, this contains a certain
number of chirps useful to calculate the range and the velocity information. As
depicted inside Fig. 1.7, the time axis along the rows is called slow-time and each
bin has a duration of a chirp time. To obtain the velocity is possible to convert the
“slow-time frequency” with the relation:

slow—time * A

y = Jetow—time A (1.12)
2

An important performance criterion is the resolution or separability of speed and

distance between two targets. From [27], the distance resolution Ag and velocity

resolution A, can be calculated with:

&

Ap = i, (1.13)
A

A= (1.14)
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Figure 1.7: Calculation procedure of the range-Doppler map.

With a bigger bandwidth A, we have a smaller Ap, which means that the range
resolution capability can be improved by using a bigger bandwidth as Ag decrease.
These two parameters are inverse-proportional related, a bigger resolution capability
means a lower value of Ar. The same thing is true for the velocity resolution, is
possible to increase this Radar capability by using a longer chirp time 7". In real
devices the Slope is limited so to obtain a bigger A; we must increase the T but
this leads to a lower A, and vice versa. This is a compromise due to the commercial
devices considered in our work.

The last parameter that can be derived is the AoA, this can be obtained by exploiting
the MIMO technology. A basic scheme of an FMCW MIMO Radar can be found in
Fig. 1.8.

)
T Receivers
f:\ Complex Samples
®® 4 AY - :
&
@ [ ADCs DSP
T Transmitters
)
Signal
Generator
) S — ) —

Figure 1.8: MIMO Radar block scheme.

The basic idea is to measure the phase difference between signals at a receiver array.
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This is possible by performing an FFT along the spatial axis, using the signals’
samples. In Fig. 1.9 this principle is depicted by using two receiver antennas and
two transmitters. It is important to specify that the target must be in far-field so
the paths travelled by the reflected signals can be considered as parallel [28; 29].

Target A

d \\dj— Ad

x «<—ik - <@ O—eo—e > X
Tx2 Tx1 Rx1 Rx2 Rx3 Rx4

Figure 1.9: Generic 2x2 MIMO antenna of an automotive radar system. The blue
squares are the transmitters, the yellow diamonds the receivers, and the red circles
the virtual elements of the array.

In Fig. 1.9 only the transmitters and the Rx1 and Rx2 receivers are real elements
of the antenna; Rx3 and Rx4 are virtual elements. The phase difference A, at
each receiver antenna depends on the distance A, between the elements and can be
calculated from:

27 Ad
A
The A, changes if the transmitter is Tx1 or Tx2, so, considering the receiver elements
spaced by a distance of A/2, and Tx2 at a distance of A from Tx1, the A, at Rx1 is
0 when Tx1 transmits, and 2A4 when Tx2 transmits. The same happens for Rx2,
where the phase difference is A, when Tx1 transmits, and 3A4 when Tx2 transmits.
For this reason it is possible to extend the MIMO array with two additional elements,
and the new array is called Virtual Array. The elements Rx3 and Rx4 are virtual
and generated by the phase delay. This way, it is possible to improve the angular

resolution, but with a smaller antenna.
As described in [30], for a target with an angle of arrival equal to O, the reflected
signal arriving at the receivers has a spatial frequency equal to:

Ay = (1.15)

2mdsin(O)
A

A second target can have the same spatial frequency but the sine argument is (© +

Ag) so the difference between these two spatial frequencies can be calculated as:

wy = (1.16)

A, =w —wy = 27)T\d(sz'n(@ + Ag) — sin(0) = 27>T\d(cos(@) -Ag) (1.17)

These two spatial frequencies are separated by Ag and this value is visible inside the
FFT computation. The number of points used in the FF'T depends on the number of

10
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virtual elements. The radar condition to resolve two targets in the angular domain
is:

2 2 2
Ay > 2T o 2 0s(0) - Ae) > 2X = Ag > —

N A N Ndcos(0©) (1.18)

where N is the number of virtual elements of the receiver antenna. The presence
of d - cos(©) means that the angular resolution capability of the sensor decrease if
we look towards the sides of the array. For such simplicity, we can consider © = 0,
but the model can be considered valid only at the boresight line. In general, the
receiver antenna elements are spaced by a A/2 distance so, at the end, the angular
resolution for an FMCW MIMO radar is:

Ag = — (1.19)

Observing equation 1.19 it is possible to understand why the use of the MIMO tech-
nique is important. In order to attain better angular resolution, the device needs
more receiver elements, but this is a drawback in terms of physical dimensions of
the device. By implementing MIMO, it is possible to improve the virtual elements
of the array while maintaining a small form factor at the same time. There are a lot
of algorithms that can be used to increase the angular resolution without increas-
ing the number of antennas, this is an interesting field of research and we refer to
literature for a better deepening [31, 32, 33].

As a conclusion, an Automotive MIMO Radar for each transmitted frame generates
a so-called datacube [34, 35|, whose axis are the fast-time, the slow-time, and spatial
sampling provided by the MIMO. The computation of a 3D-FFT gives us the infor-
mation about range distance, velocity, and AoA. The final target identification in
terms of these three parameters can be obtained applying the Constant False Alarm
Rate (CFAR) threshold. Again is not a purpose of this work to provide informations
on this technique and some review on the argument can be found in [36, 37, 37, 38].

1.2.2 AWR1642 setup and configuration

In this section, we will discuss how a real automotive FMCW Radar device works
and in particular the AWR1642 of Texas Instruments [39]. All the work described in
the next chapters is based on this sensor so when we will refer to the system calling
them “radar system” or “sensor” we will refer only to this device. Also the setup
configuration is the same so will be described only in this section.

The AWRI1642 is a Frequency Modulated Continuous Wave (FMCW) Radar that
utilizes waves in the frequency span of 76 - 81 GHz, with a maximum bandwidth of
4 GHz. It is designed to work from 76 to 77 GHz for long-range applications and
from 77 to 81 GHz for short-range applications. Is equipped with two transmitters
and four receivers so is possible to obtain a receiver virtual array composed of eight
elements. The board equipped with the AWR1642 sensor is depicted inside Fig. 1.10.
The AWRI1642 contains not only the radio frequency frontend but also the Digital
Signal Processor (DSP) and the Micro Controller Unit (MCU) as the system is

11
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Onboard Antenna XDS110

5-V Power

CAN-FD
Connector

Figure 1.10: AWR1642 development board.

designed to be a single-chip device. Signals coming from the antenna array are pre-
processed in the board and for this reason, it is impossible to access the raw collected
data. By using a Field Programmable Gate Array (FPGA) equipped daughterboard,
called DCA 1000 EVM [40], we can gain access to raw samples extracted from the
Beat signal too. The daughterboard connects to the Radar using a Low Voltage
Differential Signaling (LVDS) bus, and to a computer using an Ethernet connection.
The samples are sent with User Datagram Protocol (UDP) and in this way, we can
process raw data on a workstation in order to extract the relevant information. A
block scheme of the complete Radar system is depicted in Fig. 1.11.

DCA 1000 60 pin

EVM ribbon cable

USB and Ethernet .
connection
Radar
Sensor
AWR1642

PC and processing
software

Figure 1.11: Block diagram of the AWR1642 Radar system

The configuration of the sensors and the DCA1000 can be done with a proprietary
software provided by Texas Instruments and called mmWave Studio [41]. The main
configuration requires the setup of the chirp generation, as we mention in the pre-

12
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vious section this type of sensors transmits in general only up-chirps so the main
parameters are related to this signal.

A
Frequency Tehirp
fStop [
A
Total Radar Used Radar
Bandwidth Bandwidth
A
fStart ; T y o
Idle Time |ADC Valid ADC Sampling Time tme
Start Time )
Ramp Time

Figure 1.12: Chirp time graphical representation.

Fig. 1.12 shows how the sensor generates the chirps and the description of the
parameters follows:

o Idle Time: time required for the ramp generator to return to its original state;

o ADC Valid Start Time: idle time used to remove data at the very beginning of
the ramp. The ramp generator at the beginning is not linear and this produces
a distortion in the beat signal. We neglect these samples to avoid distortions;

o ADC Sampling Time: the amount of time during which ADC samples the
beat signal. In this time duration, we can introduce a configurable number of
samples accordingly to the sampling frequency of the ADC;

o Used Radar Bandwidth: effective Radar bandwidth after the initial part of
the ramp has been removed.

Frames are used to organize chirps transmission. Each frame can contain at least 1
chirp up to a maximum of 255. Fig. 1.13 shows how chirps are transmitted in time.

A Frame 1 Transmitted Frame n
Chirps
Frequency tperiodicity > tperiodicity
Dead Time Dead Time
e | »
! | -
Chirp Transmission Time

Time

Figure 1.13: Chirps transmission within frames.

In Fig. 1.13, we can see the transmission scheme used by the sensor, this is valid
only for this particular device, maybe other automotive radars use different working
mode. The device transmits inside what we call “Chirp Transmission Time” and
after that, there is a sort of “Dead Time” useful for example for processing the

13
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datacube [42]. This parameter can be controlled by the user during the configura-
tion of the device. Inside the Chirp Transmission Time, the sensor can transmit
with both antennas following the configured transmission scheme. The total frame
duration is called ?periodicity and is a parameter who can be set from mmWave Studio.

This is a brief introduction to the Radar system used to perform the work described
in the next chapters. Only a the end we propose a comparison with a different sensor
but is also an FMCW radar so the rules described in 1.2.1 remain valid.

1.3 Thesis Contribution

The contribution of this dissertation is on the study of different signal processing
techniques, able to extract information from mD signals. This processing is focused
on two different applications:

o Classification of things based on mD features extraction;

e Object’s vibrations detection with the mD effect.

The developed methodologies are based on commercial radar sensor, the one de-
scribed in this chapter, making these topics more suitable for an industrial applica-
tion. Also, the obtained performances are in line or even better than other works
found in the literature. As the proposed techniques are based on a commercial
device, the work we did is more suitable for an industrial application.

14
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Application of Machine Learning
to micro-Doppler Signals

From chapter 1 we know how the mD is an effect independent from the Radar tech-
nology and their extraction can be done with different signal processing techniques.
Examples on how mD can be used with Ultra Wide Band (UWB) and CW radars
can be found in [43, 44, 45, 46]. In mmWave FMCW Radars, the mD can be ex-
tracted in two ways and these methods will be discussed in this chapter. For a
classification problem, modern Machine Learning (ML) algorithms provide a very
powerful tool, there are many ways to extract features and classify signals with dif-
ferent performances and computational costs.

In this chapter different developed pipelines will be presented and their performances
in different contexts will be discussed.

2.1 FMCW signals pre-processing

In chapter 1 we describe how the sensor sample the Beat signal and the radar system
sends this information to a computer. As the sensor is suited with four receivers,
the beat signals are at maximum four and are referred to the MIMO configuration
of the device. To process and classify the mD only one beat signal can be used, but
by summing together the four-receiver lines we can improve the signal-to-noise ratio
and reach better performances. After this, the samples are reorganized in a form of
a complex matrix where along the rows are stored the samples of a single chirp and
along the columns the samples of different chirps. The obtained matrix contains the
samples of the global acquisition. This preliminary step is depicted inside Fig. 2.1.

ADC 1 Complex Samples 1 Vs N
ADC 2 Complex Samples

Complex Samples sum —> COmpleX final
ADC 3 Complex Samples matrix
ADC 4 T r— \ )

Figure 2.1: Pipeline used to obtain the initial complex matrix.

The original mD information can be stored in two different types of matrices, in one
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2. Application of Machine Learning to micro-Doppler Signals

the information is compressed along the time, this is called range-Doppler map of
the global acquisition; in the other the compression is made along the range, the
information is extracted with a Short Time Fourier Transform (STFT) and is stored
in a Doppler-time map. Both approaches can be used to solve the classification
problem.

To calculate the range-Doppler map', we can use a bi-dimensional FFT. This process
is summarized inside Fig. 2.2.

ADC Samples (Fast Time) Range Bins Range Bins
~ ! |1 ~|m
B) P {a+iB
£ |2 E 2 ]
= =
: 2 . 1= : e
% |4 Fast Time FFT % |4 Slow Time FFT &
= ] ] ] ] = ] ] 1 1 g 5 ] ] 1 1
2 1 1 1 1 2 1 1 1 1 = ! 1 1 1
g 1 1 1 1 g 1 1 1 1 & 1 1 1 1
1 1 1 1
Z o0 a0 Z o0 a0 B
g‘ 1 1 1 1 g‘ 1 1 1 1 1 1 1 1
S [M-1 S 4 a4 R R
M M [T T[] LITTTTT]

Figure 2.2: Calculation process of the range-Doppler map.

The mathematical model of this computation follows the equation:

£ S o (5 )

m=0n=0

Rp = , (2.1)

where r[m, n] represents the elements of the data matrix, m and k are the indexes
going from 0 to M — 1, and n and [ indexes from 0 to N — 1, being M the number
of fast time elements, while N is the number of slow time elements.

In the second map, the process is a little bit different, but the starting complex
matrix is the same. To obtain the Doppler-time map, the fast-time axis must be
along with the columns, and the slow-time along the rows, and the first step is
performing a FFT along the fast-time. This process produces a range-time map and
an example is depicted inside Fig. 2.3.

Starting from this map is possible to calculate a STFT which is the most common
time-frequency representation [47], along the slow-time. The STFT can be obtained
from the following equation:

+oo
STFT,[k,n] = Y zrlwn —rle > N k=0,1,--- /N -1, (2.2)

rT=—00

where n represents a discrete index of time, k is a discrete index of frequency and w|-]
is a window function. The STFT can in fact be considered as the Fourier transform
of a signal multiplied by a window sliding over time. A trade-off between resolution
in time and in frequency must be found, and overlapping the windows can help as
this process try to stretch the time to improve the frequency resolution [48]. The
process to obtain this second type of map is depicted in Fig. 2.4.

"'We will use this name for the rest of the chapter to indicate the global range-Doppler map
obtained from one acquisition.
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Figure 2.4: Calculation process of the Doppler-time map.

The STFT is performed in each row of the range-time map, this process produce a
matrix which represent the collected mD at each distance. Summing together the
obtained matrices we obtain the Doppler-time map of the global acquisition. The
computation is performed for each range bin because we don’t know exactly where
the target is. As we want to create a more general algorithm that can be applied in
each situation the best choice is to sum all the STFT obtained at each range bin,
the result will be a sum of all the mD signals for each range value inside the setup.

Both range-Doppler and Doppler-time maps are composed by complex numbers and
to obtain a "picture' where we can extract features, we must compute the module.
Each classification operation will be performed in figures which contains only the
module information. An example of these results, for a waking person, can be found
in Fig. 2.5a and Fig. 2.5b.

From this starting point we can discuss how to classify mD signals.
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Figure 2.5: Example of (a) range-Doppler map and (b) Doppler-time map for a
walking person.

2.2 Classification Pipelines

In this section we describe the first developed pipeline, which is based on dimen-
sionality reduction techniques and the classification algorithms used to discriminate
different acquisitions under consideration. As regards features extraction, we resort
to two different methods to reduce data dimensionality, the Principal Component
Analysis (PCA) and the t-distributed Stochastic Neighbor Embedding (t-SNE).
Both maps obtained through the radar signal processing, will be considered as am-
plitude images. From the application of dimensionality reduction techniques to these
images we obtain a vector, that is, the principal components extracted from PCA
and the main dimensions given by the t-SNE, which will serve as features vectors. If
for instance, we have a set of N images I,, of dimension [l x m], withn =1,--- | N,
images are initially vectorized row-wise and grouped in order to form a training set
X = [37(1), oo )]T, where T denotes the transpose operator; rows of X corre-
spond to observations and columns correspond to variables. The j-th element of
each row is then normalized according the following equation:
:Ic’:m—u:m—i N:E(n). (2.3)
J J J J N J

n=1

2.2.1 Principal Component Analysis (PCA)

Principal Component Analysis (PCA) [49, 50] is a non supervised transform also
known as Karhunen-Loeve transform (KLT). It aims at finding suitable linear trans-
formations y of the observed variables that are easily interpreted and capable of
highlighting and summarizing the information inherent in the initial matrix I. PCA
exploits a singular value decomposition (SVD) algorithm to extract the principal
components of I. For further details please refer to [51]. This tool is especially
useful when dealing with a considerable number of variables from which you want
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2. Application of Machine Learning to micro-Doppler Signals

to extract the greatest possible information while working with a smaller set of
variables.

PCA can hence be described as a transformation of a given set of N vectors into
inputs (variables) of the same length K placed in a vector N-dimensional X, which
allows to transform this vector into a second vector y, given by

y=A-(z; — py), (2.4)

which is the linear combination of the starting variable. p; represents the vec-

(n)

tor of the mean values, and it is defined as % fozl ;. The multivariate vector

J
Yy = [y(l), T )} is built in such a way that the first element of y includes the
greatest possible variability (and therefore more information) of the original vari-
ables, that the second represents the greater variability of the x; after the first
component, and so up to y¥) which takes into account the smallest fraction of the
original variance. Therefore the main components are those linear combinations
of the random variables (™ according to the unit norm which make the variance
maximum and which are uncorrelated.

The matrix A is instead determined by the covariance matrix C,, which represents
the variation of each variable with respect to the others: the rows of A are repre-
sented by the eigenvectors of C, ordered according to the decreasing order of the

corresponding eigenvalues. The covariance matrix can be computed as

N
Co= =3 (@) (@@ (2.5)
N A
or exploiting a singular value decomposition (SVD) algorithm. C, has dimension
[N x NJ; elements on the diagonal represent the variances of X, while the others
determine the covariance between the input variables z; and z;. Rows of A are or-
thonormal, thus implying implying that the PCA algorithm is invertible, so original
data can be easily recovered. The resulting vector y form the feature vector which
can be used for classification.

2.2.2 t-distributed Stochastic Neighbor Embedding

t-SNE [52] is a non linear and non supervised transform, specifically designed to
reduce dimensionality to 2 or 3 dimensions in order to display multidimensional
data.

The t-SNE algorithm consists of two main steps: first, it computes a probabil-
ity distribution over pairs of high-dimensional objects in such a way that similar
objects have a high probability of being picked while dissimilar points have an ex-
tremely small probability of being picked. Given our set of N vectorized images
M ... W) with length [ - m, t-SNE first computes the conditional probability
Pjji» which represents the similarity of datapoint z; to datapoint ;. In other words,
it evaluates the probability that z; would pick z; as its neighbor if neighbors were
picked in proportion to their probability density under a Gaussian centered at x;.
In formulas,

exp (—||lz; — x;*/207)

ki xp (=i — 4]12/207)

Pjli = (2.6)
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t-SNE then defines a similar probability distribution over the points in the low-

dimensional map, and it minimizes the Kullback-Leibler (KL) divergence between
the two distributions with respect to the locations of the points in the map. The
output of this computation will be a vector of elements that can be used as features
for the classification algorithm.

2.2.3 Classification algorithms

As regards the classification task, we consider the use of k-Nearest Neighbor (NN)
and Support Vector Machines (SVMs), they are both supervised and non parametric
algorithms.

k-NN [53, 54], is an instance-based algorithm, meaning that it does not explicitly
learn a model. Instead, it chooses to memorize the training instances which are
subsequently used as “knowledge” for the forecasting phase. In concrete terms, this
means that only when a query is made in the database (i.e., when asked to provide a
label with an input), the algorithm will use the training instances to send a response.
As a drawback, this algorithm presents both a storage cost during the training phase,
since it is necessary to store a potentially huge dataset, and a computational cost
during the prediction phase as the classification of a given observation requires the
vision and /or analysis of the entire dataset. In the context of classification, the k-NN
algorithm essentially boils down to determine a majority vote among the k closest
neighbors to a given unknown instance. The proximity is defined by a distance
metric, usually the Fuclidean distance, between two data points.

SVM [55], algorithm classifies data by creating a linear of non-linear decision bound-
ary to separate different classes. It projects the data through a non-linear function
to a space with a higher dimension, lifting them from their original space to a feature
space, which can be of unlimited dimension. To perform this operation, SVM makes
use of kernels, among which one of the most used is the Gaussian kernel, also used
in this work. A graphical representation of these two classification can be found in
Fig. 2.6a and 2.6b.

2.3 Experimental tests

The previously described methods can be combined in four classification pipelines,
this methodology is summarized inside Fig. 2.7.

To validate their performances we need to build a dataset of mD signals and for
these tests, we choose to classify different types of activities of walking people. The
dataset can be found in [56] and consists of six different types of activities, performed
by 29 subjects who repeat each activity several times. The subjects walk without
any constraint or do not follow any pattern, at each subject was simply asked to
walk for example in a “slow” or in a “fast” way, without specifying the number
of steps or the time required to complete the activity, in order to generate data
as realistic as possible. In addition acquisitions belonging to subjects of different
height and weight were collected to provide a set comprehensive of a large variety of
characteristics. The acquisitions are conducted inside an hallway of our department
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Figure 2.6: Two class classification example (a) SVM (b) kNN in this case d; and
dy are the distances metrics.

micro-Doppler

Map

PCA t-SNE

Features Selection

[ SVM ] [ k-NN ] SVM k-NN

Classification

Figure 2.7: Pipelines used for the classification of the micro-Doppler maps.

and the subjects walks in front of the radar system who stands on a tripods. The
test area is depicted in Fig. 2.8.

In each acquisition the subjects execute the activity going away from the radar and
coming back, always in front of the radar system. The considered activity are:

o Walking slow;

o Walking slow with hands in pockets;

« Walking fast;

o Walking with hiding a metallic bottle;
e Limping;

o Walking slowly and swinging hands.
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Figure 2.8: Hallway used for the acquisitions.

In the work described in [57], we choose to use only the first three activities: Walking
Slow, Walking slow with hands in pockets and Walking fast. The reason is the mD
generated by the activity inside the dataset. These three are more similar, so we
expect a more difficult classification, so better performances can be obtained with
the other cases.

This portion of the dataset is composed by nineteen subjects who repeated each
activity for three times, for a total of 168 different acquisitions. Walking speed
difference is subtle and depends on the person examined, who interpreted it subjec-
tively. In general, the average speed measured for the fast walk is around 2 m/s,
while for the slow walk, with both free hands or hands in pockets is about 1.2 m/s.
The maps used for the classification process are calculated as previous described,
for the Doppler-time map the STFT function uses windows of 512 samples, with an
overlap of 98% where an Hann window is applied. The radar configuration used for
these tests are reported inside Tab. 2.1.
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Table 2.1: Radar parameters

’ Parameter \ Value ‘
fstart 77 GHz
Slope 60.012 MHz/ us
Lidie 100 ps
ADC Valid Start Time 6 us
fs 10 Msps
tramp 60 s
N samples 512
N frame 400
no. of chirps per frame 128
Periodicity 40 ms
Used Radar Bandwidth 3.6 GHz

A first analysis has been made on the background without any subject, which is
depicted in Fig. 2.9a and 2.9b. Only one measurement has been performed, since
the test area is the same for all the subjects. From this analysis is possible to see
that the background does not affect the measurements, thus we can neglect its effect
in the movements classification.
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Figure 2.9: Analysis on the background in absence of subjects using (a) Range-
Doppler map and (b) Doppler-Time map.

In Fig. 2.10 we show an example of the same subject who walks in different ways,
displaying both range-Doppler maps (on the left) and Doppler-time maps (on the
right). It is possible to observe that slow and fast walk are easily recognizable in
the maps. As expected, maps related to slow walk with hands in pockets present
a slightly less evident Doppler with respect to free hands, but this effect is scarcely
noticeable.

Data obtained after the processing of the radar signal are treated as images. Since
their original size cannot be easily handled, all matrices have been reshaped to the
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Figure 2.10: Example of a person walking slowly ((a) and (b)), slowly with hands
in pockets ((c) and (d)) and fast ((e) and (f)).

same dimension [195 x 119], this result is obtained by applying a mean between
near pixels of the image. In order to further reduce dimensionality and to extract
features from images, PCA and t-SNE algorithm have been then applied separately
to data. The matrices are vectorized so the new dataset is a matrix where each row
is a range-Doppler map or a Doppler-time map. In Fig. 2.11a and 2.11b we show
the classification accuracy resulting from exploiting a different number of principal
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components, by using a NN classifier and a SVM algorithm. We choose to use a
Gaussian kernel for the SVM. The figures’ case is for the range-Doppler maps, the
results with the Doppler-Time maps is very similar so we report only this one. The
value of k for the k-NN and the kernel used for SVM have been chosen by using
a leave-one-out cross-validation algorithm, which aims at minimizing the validation
error. Each sample of the dataset is alternatively selected as a validation set, whilst
the remaining part represents the training set. In this way all samples are used only
one time both for training, both for validation. Results obtained by the algorithm
for odd values of k between 1 and 49 are shown in Fig. 2.12, where k equal to 1
leads to an error of about 2.4%. The validation error obtained by different kernels
in percentage is reported in Tab. 2.2, thus directing the choice to the use of linear
kernel in our scenario.

Table 2.2: Results of the leave-one-out cross validation for support vector machine
(SVM) with different kernels.

’ Kernel H Linear \ Gaussian \ Polynomial ‘
[Error validation (%)] 446 | 17.26 | 33.33

We here define the metrics which will be used to evaluate the performance of the
proposed methodologies. They are based on the so called confusion matriz, whose
columns represent the predicted values for each class, while rows represent the actual
values. The most common metric is the accuracy, which is defined as

TP+TN

A p—
CTTPYTNLFP+FN’

(2.7)

where T'P and T'N stand for true positives and true negatives, while F'P and F'N
are the false positives and the false negatives. It represents the percentage of images
assigned to the correct category.

Another useful metric is the precision (also called positive predictive value), which
corresponds to the ratio of correctly predicted positive observations to the total
predicted positive observations, or

P =TP/(TP + FP). (2.8)

Recall (also known as sensitivity) is the ratio of correctly predicted positive obser-
vations to the all observations in actual class

R=TP/(TP + FN). (2.9)

The F1 score is the harmonic mean of the precision and recall, where an F1 score
reaches its best value at 1 (perfect precision and recall). Therefore, this score takes
both false positives and false negatives into account as follows

F1=2RP/(R+ P). (2.10)

Sixty percent of the acquisitions are used for training, while the remainder is used for
testing. Results have been averaged over 100 classification results obtained choosing
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2. Application of Machine Learning to micro-Doppler Signals

training and test sets at random. We consider here only two classes, corresponding
to the slow and fast walk. Interestingly, it is possible to observe that the num-
ber of principal components (or number of dimension in case of t-SNE) that here
corresponds to the number of features, has a small impact on the classification per-
formance. The application of PCA or t-SNE algorithm to extract features from
images leads to very similar results, although t-SNE was originally designed to re-
duce data to two or three dimensions, and becomes very slow for higher values. In
addition, we obtain the same results using both range-Doppler and Doppler-time
maps.
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Figure 2.11: Comparison of classification accuracy achieved by SVM and kNN
considering 2 and 3 classes, applying (a) Principal Component Analysis (PCA) and
(b) t-distributed stochastic neighbor embedding (t-SNE). In the figures case, only
range-Doppler map are considered.

In Tab. 2.3 and 2.4 we show the classification results, in terms of confusion matrices
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Figure 2.12: Results of the leave-one-out cross-validation for the k-Nearest Neigh-
bor (kNN).

obtained by applying classification on two and three different classes. In the first
table, measurements of slow walk and slow walk with hands in pockets have been
incorporated into a single class, while in the second table they have been split
into two separate classes. As predictable, distinguishing free hands from hands in
pockets is a much more complicated task than identify different ways of walking.
In the first case in fact the best accuracy obtained is about 72% and red boxes
highlight the presence of a number of misclassified examples, although the fast walk
is recognized from the other activities with a high precision (87.5%); SVM methods
seem to achieve better performance than KNN algorithms. In the latter case we
have instead an excellent accuracy of more than 93%. In both Tab. 2.3 and 2.4 we
highlighted a high presence of correct detections in green, while a high number of
misclassified samples is marked in red.

Table 2.3: Confusion matrix obtained applying SVM and kNN (into parentheses)
on two classes, considering 5 principal components, acc = 93.5%.

| True / Predicted | S | F |
Slow Walk (S) [HIO@09) 2 (3)
Fast Walk (F) 9 (8) 47 (48)

In Tab. 2.5, we give an overview of the results obtained by other works focused
on the classification of walking activities through radar measurements, showing the
best accuracies achieved. [*] denotes the present work. In Reference [58] 7 types
of activities are considered, that is, walking backwards, limping, depressed, elderly,
excited, holding the arm and walking in a zigzag, and the radar used is an Ultra-
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2. Application of Machine Learning to micro-Doppler Signals

Table 2.4: Confusion matrix obtained applying SVM and kNN (into parenthe-
ses) on three different classes, considering 9 principal components, accsyy = 72%,
AQCCKNN — 667%

| True / Predicted | S | F | SH |
Slow Walk (S) 33(32) | 2(1) |ETEEN
Fast Walk (F) 4(5) 4948 3 (3)

Slow Walk with Hands in Pockets (SH)||[iGHESN 1 (2) [39(32)

Wide Band; Reference [59] considers a FMCW radar, and the examined activities are
crawl, creep on hands and knees, walk, jog and run. Although the difference between
walking slowly or quickly is less evident than the other activities, we prove that our
system is able to achieve a better accuracy. Moreover, we consider a larger number
of subjects that move differently from each other, thus confirming the validity of
our method in a realistic context. The activity of holding the arm while walking
[58], which is in some way comparable to our case of walking slowly with hands in
pockets, could not be differentiated from the others at all, with a specific accuracy
of 42.42%.

Table 2.5: Comparison of different radar based methods for human walking clas-
sification.

‘ ‘ Radar Type ‘ No. of activities ‘ Dataset dimension ‘ Algorithm ‘ Best accuracy ‘
FMCW mmWave 2 19 subjects, 168 acquisitions | PCA/t-SNE + k-NN/SVM 93.5%
FMCW mmWave 3 19 subjects, 168 acquisitions | PCA/t-SNE + k-NN/SVM 72%

58] | Ultra Wide Band 7 8 subjects, 280 acquisitions PCA + SVM 89.1%
59] | FMCW mmWave 5 3 subjects, 95 acquisitions CV/TV + SVM 91%

The subjectivity and the personal speed interpretation of the conducted tests rep-
resents the major error source for our classification model. A standardized time or
number of steps during the experiment should probably improve the system perfor-
mance, but this would not represent a realistic scenario.

The same approach can be used on the other part of the dataset where the other
activities are more different. This work can be found in [60] and inside the rest
of this section will be reported and discussed. In this case only PCA and k-NN is
considered as the others pipelines provides similar results. Four different activities,
grouped in four classes, were examined:

 Slow walk with non-swinging hands [NS] (55 samples);
« Limping [L] (20 samples);

« Slow walk with swinging hands [S] (20 samples);

o Fast walk [F] (36 samples).

As regards the limping activity, subjects were to simulate a walk with a limp. This
resulted in many different types of walking, since each subject has performed the
request in its own way. No instructions were given about the other type of walk, in
order to obtain data as realistic as possible.
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2. Application of Machine Learning to micro-Doppler Signals

In Fig. 2.13 Doppler-time maps for the four activities performed by the same subject
are shown. From these maps it is possible to note the differences between the types
of walk examined, which result very evident thanks to the high sensitivity of the
used radar. The swinging hands (Fig.2.13b), for instance, results in a more evident
effect on Doppler with respect to the non-swinging case (Fig. 2.13a), while limping
(Fig. 2.13¢c) generates a very different map. In the following we consider the results
obtained using the range-Doppler map.

(b)

(d)

Figure 2.13: Doppler-time maps of a person walking slowly with non swinging
hands (a), slowly with swinging hands (b), limping (c) and rapidly (d).

As we say for the previous test, data obtained from radar signal processing are
treated as images and all matrices have been first reshaped to the same size [180x 71],
then their dimension has been further reduced by applying PCA. As we did before,
the value of k has been chosen by using a leave-one-out cross-validation algorithm,
by selecting alternatively a sample of the dataset as a validation set, while the
remaining part is used as a training set. All samples are thus used only one time
both for training, both for validation. Results obtained by the algorithm for odd
values of k between 1 and 49 are shown in Fig. 2.14, where the value of k£ equal to
1 leads to the minimum error, corresponding to 1.33%.
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Figure 2.14: Results of the leave-one-out cross-validation for the k-NN for the
second dataset.

In the classification process the 70% of the acquisitions are used for training, while
the remainder is used for testing. In order to reduce the dependence of the results
on the choice of the training set, results have been averaged over 50 classification
results obtained choosing training and test sets at random.

In Tab. 2.6 we show the confusion matrix obtained by considering 9 principal com-
ponents, which is the value that provides better performances and then applying
k-NN. In this case, we choose to don’t use the t-SNE feature extraction technique
because provides similar performances compared to the PCA. We obtain an average
accuracy of 96.1%, with excellent precision especially in detecting the slow walk
with non-swinging hands and the fast walk.

Table 2.6: Confusion matrix obtained applying k-NN on four activities, considering
9 principal components. Accuracy 96.1%.

| True / Predicted | NS | L | S | F |
NS 98.91% 0 0 1.09%
L 3.67% | 91.33% 0 5%
S 0 4.33% | 95.67% 0
F 1.5% 0 0 98.5%

What we obtain with this second part of the dataset is similar to the first one. Is
possible to distinguish two different activities of a person with good performances
but these decrease when we try to distinguish similar activities such as walking
slowly and slowly with hands in pockets.
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2. Application of Machine Learning to micro-Doppler Signals

The experimental evaluation confirms the power of the developed pipelines, but also
the main drawback. Feature extraction technique must be applied to all the dataset
to increase the data correlation with an overhead in the data processing.

For this reason, in the next section, we explore different ways to extract features
on the maps, and this involves an ad-hoc construction of them and also a Deep
Learning approach.

2.4 Comparison of different classification techniques

In this section we will discuss different ways to classify mD signals, this work is based
on the previous described dataset and will use only three activities: fast walking,
slow walking and slow walking with hands in pockets. The different pipelines are
depicted inside Fig. 2.15.

range-Doppler

Map

e 3
PCA ad-hoc feature ad-hoc feature
Extraction Extraction
. J
SE——
Filtering

Features Selection -~

_ . ‘ VGGI16 \
[SVM-kNN] [SVM-kNN] SVM - kNN
J

Classification \ /

Classification

l Results |

Figure 2.15: Flow chart of the different pipelines compared.

The purpose of this work is to understand if is possible to achieve similar classifica-
tion performances with lower computation complexity techniques. For this reason,
we compare three different types of approaches:

e PCA + k-NN or SVM;
o ad-hoc feature extraction + k-NN or SVM;
e Deep Learning (VGG16).

All the comparisons will be based on range-Doppler maps as we show how this
and Doppler-time maps provide similar results. To increase the dimension of the
dataset the range-Doppler map is divided into two halves, so from each acquisition,
we obtain two maps of dimension [256 x 25600] (we call this matrix “map” for the
rest of the chapter).
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2. Application of Machine Learning to micro-Doppler Signals

2.4.1 PCA complexity analysis

The output of PCA is a matrix Y of principal components. The first elements of
each vector y in the resulting matrix Y, contain the greatest possible variability of
the original variables, thus allowing to select a small set of variables which bring
the largest possible information. Matrix Y can be then used as input for the clas-
sification algorithm. As regards the PCA computational cost, a dataset composed
by L samples (or images in our case) is considered. Fach image has dimension
[M x N and is vectorized before entering the PCA. The dataset dimension is there-
fore [L x M N]. The main computational cost of PCA is given by the calculation
of the covariance matrix, which requires a time in the order of O(L? - M N). Eigen-
values and eigenvectors are then computed from this covariance matrix, requiring
a complexity is in the order of O(L?). Thus the total complexity of PCA is in the
order of O(L?MN + L3).

2.4.2 Parameters extraction from range-Doppler maps

The application of PCA typically requires a high computational cost. Moreover, to
obtain the best possible correlation between samples, it needs to be applied to the
entire dataset and if a new sample is considered, the algorithm needs to be rerun.
For this purpose, an alternative technique for feature extraction from range-Doppler
maps can be proposed. We can calculate on each map different parameters that can
be used as features. The parameters calculated on the range-Doppler maps are:

1. Maximum Doppler value: the parameter maxp is calculated by taking the
maximum intensity value for each row of the Range-Doppler map as follows

maw%) = max(RD(z')), (2.11)

where ¢ represents the row index and Rpeppier(i) is the selected row. The
rows in fact contain the information about the velocity of the target, and the
maximum identifies the Doppler value for each considered distance. .
An example of the calculation process is reported in Fig. 2.16. All the max%)
elements at the end can be grouped inside a vector called mazp.

2. Mean Doppler value: with a process similar to that used to compute the
maximum, the mean values of the Doppler are evaluated for each row of the
Range-Doppler matrix. These values compose a vector named i, where each
element is calculated as

) _ Emeym - Rp(i;m)

D = ;
2%21 RD (27 m)

where i represents the row index considered for the computation, and m is

the column index of the singe element. An example of 7ip for different type of
acquisition can be found in Fig. 2.17.

(2.12)

3. Variance of the Doppler values: the process used to evaluate this param-
eter slightly differs from the previous ones, because of the distribution of the
Doppler values within the map. Fig. 2.18 depicts an example of the normalized
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Figure 2.16: Extraction process of the Maximum Doppler value maz},'.
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Figure 2.17: Comparison between the calculated values of fip for different acqui-
sitions.

distribution of the values at the same range distance. It is possible to see how
the highest Doppler intensity values inside the map are concentrated around
the zero-Doppler, both for the positive and the negative part. This effect is
a result of the sensor parameters calibration, which allows to detect a more
higher velocity than the target effective value.

This effect produces unbalanced results not centered on the mean values on the
computation of the 0123(”, and for this reason, the following process is applied
on the distribution of the values:

e the maximum amplitude value is extracted for each row of Rp, for the
firsts 10000 Doppler bins in the case of the negative Doppler values, and
the last 10000 for the positive;

o all the amplitude values under the calculated threshold are neglected by
setting the values to zero.

The result of the previous described process is represented in Fig. 2.19. Only
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at this point we can compute the variance 0% as follows

20i) M _ym?- Rp(i,m)

o2 o, @)N2
D Z Rp(i,m) (1p ). (2.13)

The obtained vectors can be treated as signals and each sample is calculated on a
slow-time row inside the Range-Doppler map. As a result the sampling frequency
is related to the chirp time. A Butterworth filter is finally applied on these vectors
in order to smooth the abrupt changes of the signal. An example is reported in Fig.
2.20 for the computation of the Maximum Doppler value before and after filtering,
for the fast walk and slow walk activities contained in the dataset.

By looking at (2.11), (2.12) and (2.13), the cost for the extraction of each parameter
can be easily computed respectively as:

1. Maximum Doppler value: O(L - N);
2. Mean Doppler value: O(L - N - 2M);
3. Variance of Doppler values: O(L - N - 2M).
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Figure 2.20: Effect of the Butterworth filter on the computation of the Maximum
Doppler value for the fast walk and the slow walk activities.

By comparing the sum of these costs with the PCA complexity, it can be easily
stated that this second methodology is computationally cheaper.

2.4.3 VGG16 neural network classification

In this case, we will consider the use of the VGG16 network [61, 62] to generate a
model that classifies activities according to the classes contained in the dataset.
Working with a dataset with a small dimension it is possible to avoid the training
of the model from scratch by using transfer learning [63]. Neural networks require
a huge dataset to perform the training, is possible to use a smaller dataset by using
transfer learning [63]. Transfer learning is particularly useful to avoid expensive
training of new neural networks when working with a small amount of data and
allows to extract the network weights from pre-trained models and to transfer them
to other networks. Range-Doppler maps are taken as input for training and the
model trained on the ImageNet Large Visual Recognition Challenge dataset [64] is
then retrained using the selected dataset by following the procedure described in
[63].

For a single image, the computational cost required by a convolutional network is
O(FrM NmnFp), where each input feature map is of size (M - N), spatial two-
dimensional kernels are of size (m-n) and Fj, Fp are the input and output channels
within a layer, respectively [65].

2.4.4 Machine learning classification

After feature selection, the classification is performed using the k-NN and the SVM,
which present different computational costs. As described before, parameters opti-
mization for both algorithms has been carried out by using a leave-one-out cross-
validation algorithm, whose goal is to minimizing the validation error. On the basis
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of this evaluation, k is chosen equal to 1 and a linear SVM is selected. The com-
plexity analysis follows:
k-NN complezity: Generally, a k-NN requires a computational cost in the order

of O(Ly + kL), by assuming that k£ has been previously fixed. L represents the
cardinality of the training set and y is the dimension of each sample. y may be the
output of the PCA or the vector collecting the extracted parameters.

The total cost of NN algorithms can be easily derived considering the following
steps:

« Distance computation: the distance of a new observation from each sample of

the training set is computed. For each computation the cost requires is in the
order of O(y).

o Label assignment: the k£ samples with the small distance value are selected
by looping the entire training set. The label assigned to the new observation
is that owned by the majority of the k£ selected samples. Each iteration of
the second step requires a cost in the order of O(L) by looping through the
training set observations, so the overall step cost will be in the order of O(kL).

SVM computational complezity: Linear SVM has a complexity equal to O(L), being
it is just a single inner product. Kernel SVMs usually require a higher cost, depend-
ing on the choice of the kernel and on the number of supporting vectors s,. For most
kernels, including polynomial and Gaussian, the cost is O(s,L). An approximation
exists for SVMs with a Gaussian kernel that reduces the complexity to O(L?).

Linear SVM therefore requires a lower cost then k-NN, while kernel SVM may need
a higher complexity. The classification cost must then be added to that required by
the feature selection method considered.

2.4.5 Deep learning results

The dataset is split into 80% for training, 10% for validation, and 10% for test
purposes. Based on 100 training steps, or epochs, in Figures 2.21a and 2.21b we
show the training and validation loss for the three separate classes and when a slow
walk and slow walk with hands in pockets are merged, respectively. The training
loss indicates how well the model is fitting the training data, while the validation
loss indicates how well the model fits new data. They are evaluated using cross-
validation. Values smaller than 0.75 are observed after 80 epochs in Fig. 2.21 and
tests with more than 100 epochs tend to overfit. When only two activities are
considered, the performance improves and the validation loss assumes on average
values between 0.2 and 0.3 with a small number of epochs.

In Table 2.7 we show some other classification metrics for our model for each con-
sidered class, i.e., precision, recall, and F1l-score. It is possible to note that both
slow and fast walk classes achieve an excellent precision but a low recall, while the
opposite behavior is observed for the slow pocket class.
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Figure 2.21: Training and validation loss of VGG16 neural network for a) three
and b) two classes.

2.4.6 Comparison between different methodologies

As explained before, we extract from the range-Doppler maps three vectors of pa-
rameters, representing the maximum, the mean, and the variance of the Doppler
values. After obtaining these vectors for all acquisitions in the dataset, they are
averaged to obtain three features, or six if we consider both the positive and the
negative parts of the range-Doppler maps. As the subjects do the same activity
going away from the radar and coming back we can split the acquisition into two
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Table 2.7: VGG16 results for the three activities.

’ H Precision \Recall\Fl—seore‘
Fast 1 0.57 | 0.73
Slow 1 0.43 0.60

SlowPocket 0.6 0.86 0.71

halves and increase the number of features. The resulting matrix has 171 rows and
3 (or 6) columns. This reduced matrix helps us to use fewer resources when doing
the classification task. In the classification based on these features, 60% of the ac-
quisitions are used for training, while the remainder is used for testing. Results have
been averaged over 50 classification results obtained choosing training and test sets
at random. Classification accuracy obtained by the different methodologies illus-
trated in the previous sections are reported in Tables 2.8 and 2.9, while a summary
of the computational costs for each of the proposed techniques is reported in Table
2.10. It is important to note that the VGG16 cost refers to a single image, and not
to the entire training set.

Table 2.8: Accuracy achieved by the proposed methods for two activities.

’ Method \Classiﬁcation Algorithm \Accuracy‘
PCA SVM 93.50%
PCA kNN 93.50%
ad-hoc Features Extraction SVM 84.20%
ad-hoc Features Extraction kNN 86.18%
ad-hoc Features Extraction + filtering SVM 94.20%
ad-hoc Features Extraction + filtering kNN 94.20%
Deep Learning VGG16 93.75%

Table 2.9: Accuracy achieved by the proposed methods for three activities.

’ Method \Classiﬁcation Algorithm \Accuracy‘
PCA SVM 72%

PCA kNN 66.70%
ad-hoc Features Extraction SVM 63.70%
ad-hoc Features Extraction kNN 66.10%
ad-hoc Features Extraction + filtering SVM 73.70%
ad-hoc Features Extraction + filtering kNN 73.70%
Deep Learning VGG16 66.67%
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Table 2.10: Computational costs of the considered methodologies for feature se-
lection. *Note that the cost for the VGG16 refers to a single image.

Method ‘Computational cost
PCA O(L*MN + L3)
ad-hoc Features Extraction| O(LN(1+4M))
VGG16 O(FTMNmnFp)*

By looking at the table it is evident how the parameters extraction together with
filtering leads to better results than other methodologies, and also requires the lowest
computational cost. Interestingly, the application of the filtering has an important
impact on the results, helping to enhance the performances. Deep learning improves
the accuracy given by the PCA + classification method for both the cases of two or
three activities, but it is outperformed by the parameter extraction with filtering.
This is ascribable to the small dimension of the dataset under consideration, since
the VGG16 network is more performing in presence of a large training set.

2.5 Ad-hoc features extraction: UAVs

What we discussed before, can be applied also in another application field: the
Unmanned Aerial Vehicles (UAV) identification. UAV are nowadays becoming very
common and are available for different applications and purposes [66]. For this
reason, each country has adopted a regulation in terms of allowed flight zones and
types of drones that can be sold [67]. In fact, these devices are not always used for
fun or to support a professional activity, but sometimes they are employed to cause
disorders or dangerous situations [68]. For this reason, it is important not only to
detect the drone but also to predict any dangerous way of flying.

Different approaches for the detection of drones are proposed during time, one of
them is to assign each authorized drone a unique code for its identification called
Automatic Identification System (AIS), as used for air and sea traffic control. If the
drone is not authorized by the local authority, it can be pulled down to avoid any
danger. Another common technique is to use radars, through which the UAV can be
detected but also some information on the type of drone detected can be obtained.
Radar systems provide in fact not only drone’s velocity or distance information,
but also the dimension of the drone can be estimated by measuring its RCS. The
mD can be also used in this application. The propellers and all the moving parts
provide a mD signature that can be useful to classify different types of UAVs with
ML approach. This technique requires firstly to define and compute the features
to be used and identify its flight characteristics. These can be provided in near
real-time in order to predict and anticipate dangerous situations. Conversely, if it
takes a long time to classify the drone, the system can become ineffective.

A common technique is to analyze the STFT spectrograms, from which the mD
signature of a drone becomes well evident. This approach is well-known for the
case of different kinds of target movement recognition, and a lot of research on
this topics has been carried out during the years [69, 70, 71]. However, a problem
related to the analysis of spectrograms is the time needed for the computation. It is
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not only the complexity of the algorithm which adds a delay on the detection, but
also the time duration of the observation. The STFT needs usually several seconds
to be calculated, the reason is the observation time of the target. For a propeller
that rotates at 1000 rpm, a rotation can be captured with some milliseconds of
acquisition, but to detect and interpret a movement, many seconds of acquisition
are needed. Also, the STFT is a more complex elaboration than the FFT and this
is an additive contribution to the delay who can affect the identification process. To
simplify this process it is then possible to define many parameters of the computed
spectrograms, through a less computationally expensive approach, in order to enable
a faster identification.

Providing some information on how the drone is flying and the characteristics of its
range-Doppler map can be useful to reduce the time needed to predict potentially
dangerous situations. The extraction of features from the range-Doppler maps is
faster and easier than an STFT computation, so the classification can be achieved
more quickly. This work aims to provide a quick feature extraction procedure on
the range-Doppler and can be found in [72]. To validate the method we conduct
experimental tests on two different types of drones (both with four propellers): the
smallest is a commercial one, and the other is assembled in our lab. Both models are
depicted inside Fig. 2.22. The motivation for using two different UAVs is to analyze
the mD features in real situations: the commercial drone is a commonly sold item,
and this way, the developed technique is validated also with a commercially available
UAV.

2.5.1 Features extraction

The extraction of the features is performed directly on the range-Doppler map where
the position of the target depends on the distance and the relative speed to the radar
system. Each element of the range-Doppler matrix gives information and the drone
is not present in just one “pixel” element. The number of bins occupied along the
axis and the related amplitude values provide the information that can be used for
classification purposes.

In Fig. 2.23 an example of the range-Doppler map is provided, where the main
target, that represents the drone, is also the only one that does not stand on the
zero-Doppler line (Doppler bin no. 65). To improve the identification performances,
an interpolation factor of 2 along the range is applied during the FF'T computation.
For each map it is possible to evaluate different parameters along with the Doppler
and along with the range, and they are:

 the weighted mean values ftpoppier a0 Llrange;
« the standard deviation values o poppier and Orange-

These parameters are simple to calculate, so if we use them as features for the clas-
sification the performances, in terms of latency, can be improved. To calculate the
weighted means and the standard deviation of Doppler and range, the position of the
drone inside the map must be located. In a real outdoor conditions this can be done
with a classical approach based for example on CFAR thresholds. In this case, we
choose a simpler approach as only one drone is present inside the measurement area

40



2. Application of Machine Learning to micro-Doppler Signals

(b)

Figure 2.22: Drones used for the measurements a) Custom drone b) Potensic T25.

and this area is also small. The center position is calculated as the maximum value
inside the zone of interest of the range-Doppler map. The coordinates of the point
are then used to extract the corresponding Doppler and range vectors. The values
used for the computation of the features are the magnitude of the elements inside
the vectors, and, for each range-Doppler map, four parameters will be extracted.
The procedure applied in the experiments is represented in Fig. 2.24.

The following notation will be used to describe the computation of the features:

R(r,d): vector of magnitudes along the range used to calculate pqnge and

airange;

D(r,d): vector of magnitudes along the Doppler used to calculate fipepprer and
0 Doppler

r: vector of indexes of the bins along the range axis;

d: vector of indexes of the bins along the Doppler axis;

r,d : coordinates of the target (drone) position.

The values of r are limited to the number of bins and can go from 1 to 7,,4., Where
Tmaz depends on the numbers of samples used in each chirp; at the same time, d
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Figure 2.23: Example of a range-Doppler map of a drone flying in the front of the
radar system.

goes from 1 to d,,4, where d,,., depends on the number of transmitted chirps inside
a frame. The range-Doppler map evidences all the detected targets, for this reason
only a portion of the total map is considered and the zero-Doppler line is neglected.
To such an aim, the values outside the defined map area are imposed equal to zero.
The dimension of the considered range bins must be chosen in accordance with the
dimension of the UAV under analysis. In Fig. 2.25 the effective map used is shown.
The following equations are used to calculate the features chosen as parameters:

S R(7(r), d)
range,i — 2.14
Hranses = S R, d) @14)

(d))
(d))

Orangei = \l Z"'mam 742 R(f@n); d) 2 (216)

_ i d- D
deax _( CZ

(2.15)

Hdoppler,i =

Tmax Hran e,i
Zr:l R( (T’),d) 7

Yargtd? - D(rd(d)
oppler,i — = = - oppleri 2.17
Op ppler, J Zgn:ufz D(T, d(d)) ILLD ppler, ( )

where 7 is the index of each map inside the data cube.

The calculated parameters are used to trace, for each frame, a pseudo-ellipse in the
(Doppler bins, Range bins) plane, obtained by using the mean values of Eq.s (2.14)
and (2.15) as the center coordinates, and the standard deviations of Eq.s (2.16) and
(2.17) as the axes amplitude. In Fig. 2.26 an example of this graph is represented.
The parameters and the geometry of the pseudo-ellipse can be used to classify how
the drone is moving. The dimension of the figure is dependent on how the drone

42



2. Application of Machine Learning to micro-Doppler Signals

Range vector
R(r,d) 7™ 77—

Target position

Doppler VCCM/ N
D(r, d) B

Doppler bins

Range bins

Figure 2.24: Range and Doppler vectors of magnitude extraction procedure.

is flying and on its physical characteristics. To calculate the shape of the pseudo-
ellipse we divide the figure into four quadrants, from 0 to 7/2, from 7 to m, from 7
to 37“ and from 37” to 2m. This process can be found inside Fig. 2.27.

For each quadrant, we calculate the position of the points P(x,y) with the equations:

P, =R, -cos(f) +c, (2.18)

P, =R, - sin(0) + ¢, (2.19)

where R, and R, are the semiaxis in each quadrant, 6 the angle and ¢, and ¢, the
coordinates of the ellipse center. The values of R, and R, can be calculated as

R, =0, — |cx — piz (2.20)

Ry = oy — |ey — (2.:21)

where o and p are the standard deviation and the mean value along the relative
axis.

2.5.2 Experimental Tests and results

To validate the proposed technique, two sets of measurements are conducted. In the
former, the biggest drone is flying in the front of the radar; in the latter, the smallest
drone is fixed to a table, so only the movement of the propellers and the tilted
position can influence the value of the calculated parameters. The measurement
setup is graphically represented in Fig. 2.28.

In the first case, the drone is free to fly in front of the radar at a variable distance.
Since the space available is limited, also the movements of the drone are limited. In
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Figure 2.25: Effective range-Doppler map considered for the parameters compu-
tation.
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Figure 2.26: Example of pseudo-ellipse extracted.

this phase of the algorithm development, we are interested to study if the proposed
method is true with an experimental evaluation. So, for this case, the drone flying
without a particular motion style: sometimes is moving along the pitch axis or
sometimes along the roll axis. Also, in some acquisition is hoovering. These activities
for the moment are not useful to create a classification dataset but can be used to
understand if the geometry of the pseudo-ellipse change. Small movements are
difficult to detect and cannot be revealed with classical radar detection but maybe
is possible by exploiting the mD effect.
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Figure 2.27: Pseudo ellipse construction schematization. Each semi-axis is identi-
fied with a different colour.

Unnamed Aerial Vehicle mmWave Radar
System

Transmitted Signal

; ; Received Signal

zZ = /._./ z ~z 7z ~Z Z L Z zZ Z Z

Figure 2.28: Representation of the measurement setup. In the former test, the
drone is free to fly; in the latter, it is fixed to a table. In the figure, the table is
represented with dotted line.

The second set of measurements is conducted with the purpose of removing the
dependency from the drone movement. Only the variation of the micro-Doppler and
the range profile must influence the calculated parameters values. For this reason,
the drone is fixed to a table with a tape and is not able to fly. In this condition
five acquisitions are made. In three of them, the drone changes the rotational speed
of the propellers but stands on the horizontal plane. In the other two acquisitions,
the drone is tilted along the pitch rotation axis, and along the roll rotation axis,
respectively. The purpose of this test configuration is to force the drone to change
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the rotational speed of the propellers in a tilted position. This way it is possible to
understand how this flying modality influences the extracted features.

The radar configuration parameters used for all the measurements are kept the same
and are reported in Table 2.11.

Table 2.11: Radar Parameters

Parameter Value
Idle Time 100 ps
ADC Valid Start Time 6 ps
ADC Sampling Time 66 s
Effective Radar Bandwidth | 3.607 GHz
fsampling 10 MHz
tpe’r‘iodicity 40 ms
no. of Chirp in a Frame 128
no. of ADC Samples 512
Total chirps transmitted 400

With the chosen parameters, each acquisition has a duration of sixteen seconds. At
the end a total of five acquisitions for the first set is carried on, and four acquisitions
for the second one. As the second set of measurements is conducted to collect only
the micro-Doppler effect of the propellers the number of acquisitions is different
between the two sets.

Doppler-Time Spectrogram

Frequency [Hz]
(=1

Time [s] b)

Hioppler

——Doppler coordinate
=

Figure 2.29: Comparison between the Doppler parameters and the Doppler-Time
spectrogram: a) calculated Doppler-time spectrogram, b) o peppier and ¢) fpeoppier-

In each flying condition, which can be a hoovering or a rotation along an axis,
the rotational speed of the propeller is always symmetrical. This condition derives
from the conservation of the angular momentum [73]. The same happens for the
micro-Doppler, for which the effect, for example in a hoovering condition, is equally
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Figure 2.30: Comparison between the range parameters and the Doppler-Time
spectrogram: a) calculated Doppler-time spectrogram, b) o,4nge and ¢) firange-

distributed around the maximum detected point. For the range, the values of the
parameters are mainly dependent on the range profile of the drone.

In Fig. 2.29 and Fig. 2.30 the results of a single acquisition of the first set are
depicted. The value of jtpeppier along with the Doppler changes in accordance to the
position of the center are shown. It is interesting to notice that the values change,
going under or upper the mean value, as a results of the tilted orientation assumed
by the drone during its movement. In a condition where the drone hoovers up and
down in front of the radar system, only opepprer changes. A different situation holds
for the range parameters, which mainly depend on the range profile of the drone.

By combining the extracted information, it is possible to understand how the drone
is moving or flying, even if stands at a fixed distance and the relative velocity to the
radar systems is zero.

In Fig. 2.31, an example for the second sets of measurements is depicted. In the
specific case, the drone is not tilted and the dependence from this condition is re-
moved. Only the distribution of the micro-Doppler values influences the parameters,
and the weighted mean value and standard deviation are more stable than in the
first case. This means that the geometry of the pseudo-ellipse changes according
to the movement, the tilted position, the speed of the propellers, and what are
the propellers that cause the speed increase. An example of the evolution of the
pseudo-ellipse geometry, for different time values, is depicted in Fig. 2.32, where
the (Doppler bins, Range bins) planes captured at different moments are vertically
stacked. Fig. 2.32 (a) shows the case of the drone free to fly, Fig.s 2.32 (b) and (c)
show two cases when the drone is fixed to the table.

During the test referred to Fig. 2.32 (b), the drone stands along the horizontal plane
and is controlled to move, so the propellers change their speed in accordance with the
moving direction. As the drone is not able to move, only the micro-Doppler effect
of the propellers is collected and the shape of the pseudo-ellipse changes along the
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Figure 2.31: Comparison between the Doppler parameters and the Doppler-Time
spectrogram for the second sets of acquisitions: a) calculated Doppler-time spectro-
gram, b) o pepprer and €) Upoppier-

Doppler axis, because the opeppieri change their amplitudes. In the case of Fig. 2.32
(¢), the drone is tilted along the roll axis but the propellers rotate with a constant
speed, and the result is a pseudo-ellipse with a more constant shape during the
whole acquisition. These characteristics of the extracted features are well evident in
Fig. 2.32 (a), where the drone is free to fly and both the effects due to the propellers
and the drone inclination are combined.

All the above introduced features and their evolution over time can be used to
classify the behaviour of the drone: for example, for a hoovering condition these
parameters are constant and the pseudo-ellipse does not change its shape. These
values and the geometry of the pseudo-ellipse can be used to create a labeled dataset
of different flying conditions and can be useful to recognize if the drone has hostile
intentions.

This preliminary work was conducted inside our department, so to fully validate the
technique we need more acquisition and also outdoor tests with different types of
drones. Also, the automotive radar cannot reach long-distance suitable for a real
defense system but their characteristics can be very powerful on this topic. A real
commercial device based on this technique must be designed to reach an effective
long-distance to prevent dangerous situations and classify non only in time but also
in range the ways of flyng of the UAVs. The purpose of this work is to provide
a proof of concept on how a radar system suited with some characteristics of an
automotive radar, such as wavelength, bandwidth and CRT, can be used to solve
the drone problem.
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Figure 2.32: Pseudo-ellipse evolution during the acquisition: (a) drone free to fly
(b) drone fixed to the table in the horizontal position (c) drone fixed to the table in
the tilted position.

2.6 Chapter conclusions

In this chapter, we show how an automotive radar can be used to classify targets
by exploiting their mD features. These devices coupled with suitable signal pro-
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cessing and a classification pipeline can provide good results. We show also how
different features extraction techniques can be used and we compare the results and
the computational costs. We apply also a neural network, which is more complex,
to improve the comparison. From the results, we demonstrate how an ad-hoc fea-
ture extraction technique provides the same classification results but with a lower
computational cost. Of course, this approach can be used only in a particular case
(i.e., classify different walking styles), while the other methods are more general. In
the last section, we explore the radar capability to detect different drones’ ways of
flying. We propose a method to extract information, based on features that can be
calculated directly on the range-Doppler map to reduce latency calculation. This
proposed method is different from applying directly a Machine Learning or Deep
Learning technique that extracts features without considering what information is
provided with the data. Ad-hoc features are more specific and must be defined in
each situation, but these can be simpler to calculate, and the classification latency
can be reduced. The future development of this approach is to provide an auto-
matic way of finding the center of the pseudo-ellipse and apply a neural network or
a Machine Learning classifier to provide a performance validation of the proposed
method.

50



3

Vibrations measurements with
Automotive Radars

Measure and detecting vibration is an important task in different applications, for
example in predictive maintenance or the monitoring of the displacement of bridges
and buildings. Common sensors used for these purposes are accelerometers [74],
inertial platforms [75] and sometimes also video-cameras [76]. Such approaches can
be expensive and sometimes difficult to be applied, for example, the cameras are
sensitive to dust and dirt and accelerometers need an electronic data-logger to col-
lect information so the system becomes more complex to install. In this field also
Radar systems can be applied, for example, Synthetic Aperture Radar (SAR) and
Inverse Synthetic Aperture Radar (InSAR) can be used to detect vibrations; both
techniques use Radar interferometry and when the system stands on the ground
is called Ground Based Synthetic Aperture Radar (GB-SAR) [77, 78]. The GB-
SAR are commonly applied to detect vibrations of buildings [79] and are also used
to monitor the condition of glaciers and detect landslides [80, 81]. The detection
is possible not only with a terrestrial Radar system but also with aerospace-born
Radar and in [82, 83] different techniques are illustrated.

In addition to the previous systems, also Automotive Radars can be applied in this
field since the small wavelength and the fast CRT can provide high performances in
detecting vibrations, also the small form factor of the devices is a plus where is not
possible to install big systems. For example, as the respiration and the heartbeat
of a person can be treated as small chest vibrations, is possible to detect them with
a radar system. If we want to reveal driver drowsiness during the drive time, we
can use this approach but inside a car is difficult to install big radar systems. For
this reason, automotive radars offer a big opportunity to realize this application in
a small environment.

Different radar technologies can be used to detect vibrations, as described in chap-
ter 1, the mD effect is the same in all Radar systems, but the signal processing
techniques can be different. In an FMCW Radar, the transmitted signal is a chirp,
so the value of f; changes along the time. In this modulation scheme, the mD effect
is extracted from the phase of the beat signal, and in [1, 84] different approaches
are proposed. In this work, the focus is on FMCW Radars, so the discussion will
be limited to this type of sensors. Exploiting the information about the vibration-
related mD in a Radar system can extend the range of its possible applications, it
is possible, for example, to detect the vital parameters of several patients inside a
clinical setting [85]. The human heartbeat can be detected because the heart can
be seen as a vibrating object that produces a mD signature in the Radar echo. Res-
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piration as well, even if with a simpler detection methodology, produces the same
effect and can be detected through mD [86, 87, 88]. The use of a Radar for such
purposes allows implementing a contactless measurement technique, which can be
very powerful when the patients’ conditions are not compatible with contact sensors.
The same principle can be also applied to monitor the structural health of buildings
or bridges [89, 90, 91]. Other industrial applications include the detection of water
levels inside a tank [92], or the estimation of tire wear [93].

The transmitted signal wavelength plays a key role in the Radar sensor’s ability to
detect small vibrations and determines its vibrational resolution [94]. Radars oper-
ating at frequencies up to 60 GHz and beyond can detect vibration in the range of
hundreds of microns, which is a great result, considering the relatively low cost of
the device. Moreover, this technique allows for a high sampling rate, that makes it
possible to analyze a wide spectrum of vibrational frequencies, thus making Radar
devices even more versatile. Comparing, for example, the results of [95] with [96], it
is possible to assert that using a higher frequency makes it possible to detect smaller
vibrations. FMCW modulation is also an advantage against the CW technique: if
many targets are present in the measurement area, the CW technique does not make
it possible to discriminate them along with the range, and the detected vibrational
signal will be not accurate. CW Radars are not able to detect multiple target vibra-
tions and they need a more cleared measurement area. For this reason, CW Radars
are well suited for the detection of vital signs if only one person is present and there
is no clutter situation [97, 98]. For a more general-purpose applications, FMCW
Radars provides better performances.

In this chapter, a signal processing technique used to detect vibrations will be pre-
sented, and also their performances in applied context will be discussed.

3.1 Proposed Signal Processing Approach

In chapter 1 we describe how a vibrating object produce a mD effect, and in an
FMCW Radar, the vibration can be extracted from the phase of the Beat signal [28].
Typically, an FMCW transmitted signal, is composed of up-chirps and down-chirps
but, as described in Chapter 1, the tested system can transmit only up-chirps, so the
signal model used in this section refers only to this configuration. The transmitted
signal for a single chirp can be modeled as:

st(t) = exp {j (27rf0t + W?tQ + ¢0):| (3.1)

where fy is the starting ramp frequency, ¢ is the so-called fast-time, ¢q is the ini-
tial phase, B the bandwidth, and T the chirp time (fast-time). Under the model
described above, it is possible to write the reflected signal as:

J2ufo(t —7) + W?(t —7)? + qﬁo)} (3.2)

sp(t) =p-exp

where p a generic amplitude coefficient and 7 the delay of the received signal, which
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is related to the distance by the relation:

T =

2 2
o R(t) = . [Ro + ()] (3.3)
where Ry + x(t) is the distance of the vibrating target, Ry is a fixed distance and

x(t) is the vibration displacement. As known, in an FMCW Radar the transmitted
signal is multiplied by the received signal and from equations (3.1) and (3.2), after
a low-pass filtering, the Beat signal can be obtained:

(3.4)

‘ B
sp(t) = p - exp [j (27TTTt + 27rf07>
In equation (3.4), 72 is neglected because smaller than 7, and also z(t) can be
assumed constant inside a chirp, so the variation can be seen only along with different
chirps (slow-time dimension). As also described in [99], it is possible to write the
Beat signal in terms of the slow-time and the fast-time:

4TER A fo R, 4Bt 4
sp(iT + t) %p~exp[j< Wz %+ WJZ) 0 —i—( WCT + ch0> x(zT)ﬂ

(3.5)
~ p-exp [j(?ﬂth + \Pi)}

In the previous equation, fg is the Beat frequency related to the main distance of
the target Ry, and ¥; depends on the vibration signal.

Starting from a static target that only vibrates, its vibrations produce the effect of
phase modulating the Radar signal, and for this reason, the Radar’s ability to detect
a remote static object’s vibration relies on the possibility to analyze the received
signal’s phase variations in time. We can express the relationship between target
motion and phase signal as follows:

_Anho Am (3.6)

Wi
Ao A

where:
e Ry is target distance from the Radar in meters;
o x(iT) is the target displacement in time;
e ) is the initial chirp wavelength;
e ). is the central chirp wavelength.
The minimum value of z(t) able to produce a W;(¢) phase variation is:

Ae
where:
e Ay is the minimum detectable phase;
o A, is the minimum target displacement able to generate a phase variation.
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From equation (3.7) we can assert that the detection resolution is strictly bounded
to the transmitted signal characteristics and is possible to detect sub-millimeters
vibrations even by using signals having a wavelength in the millimeter range.

In a real application scenario, the Beat signal is made up of many terms originat-
ing from the target (signal of interest), and from all the other objects that are in
the Radar’s range of sight. The Beat signal can be seen as a summation of terms
representing the vibrational state of all the objects detected in the scene. It is sub-
sequently mandatory to isolate the relevant target’s contribution. Having a MIMO
capable Radar, we can use both distance and azimuth information to locate the
target, this approach improves the capability of the Radar to discriminate different
objects.

The Beat signal can be modeled as a sum along the range-azimuth plane, by indi-
cating with s, , the single Beat signal coming from an element of the Range-angular
direction map. It is possible to write the following relation:

Rm 6,

Sb(R, @) = Z Z Sb,g (38)

r=160=1

where R,, is the number of range bins in the range direction and #,, is the number
of angular bins, which depends on the angular resolution and the MIMO configu-
ration. At this point, the importance of being able to separate targets is simple to
understand, the improvement in range and angular resolution can separate different
Beat signals coming from different targets. If the algorithm can separate much more
targets, it is possible to extract with more accuracy the vibration signal; otherwise,
the sensor detects the vibrations of all the targets summed together. The practical
implementation of the algorithm starts from the raw samples coming from the ADCs
(one for each receiver). These samples have the form of complex numbers, a vector
of them represents the Beat signal evolution over time. Data can be rearranged in
an n X 4 matrix, where n is the number of samples collected during the acquisition
and 4 is the number of receivers used in this setup. For the moment we do not
use the full MIMO capability of the sensor. We may think of this data as being
cube-shaped along three main axes:

o the Fast-Time axis: samples of a single chirp;
o the Spatial Sampling axis: samples collected from different ADCs;
o the Slow-Time axis: samples from different chirps.

The target position is determined by executing an FFT analysis in the fast-time
and Spatial Sampling axes. If the target is not moving, we can extract a data
vector from slow-time which corresponds to the detected position. Having deter-
mined the position of the target, we can calculate the phase information as stated
in equation (3.6). After unwrapping the phase signal, we extract the vibrational in-
formation by inverting the formula in the equation (3.6) and removing the average
value. The processing steps used can be graphically summarized by the flowchart
shown in Fig. 3.1.

To detect the position of the target a range-azimuth map is calculated. Since the
target is not moving, its position can be identified by the same bin for all the mea-
surements. This map is calculated only once, for identifying the position used during
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Figure 3.1: Radar signal processing flowchart.

the processing. Fig. 3.2 shows an example of this map. The sense of performing an
FFT, or a bidimensional-FFT in the MIMO case, is to select a specific s;,, compo-
nent whose phase is our vibrational signal. This maximum-likelihood method can
separate the echo of the desired target from the others.
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Figure 3.2: Range-angular direction map.

From the figure, it is also possible to understand how the environment affects the
algorithm capability. If only one target is present, it is simple to detect it and extract
its vibration signal. If more objects are present, or we are analyzing a complex target
such as a bridge we need to accurately choose which bins correspond to our target
so the identification can be more complex.

3.2 Preliminary Tests

To validate the proposed method, at the beginning we consider the simplest version
of the algorithm. For the preliminary tests, the MIMO is not used and the beat
signals coming from the four receivers lines are summed together to improve the
signal-to-noise ratio. Referring to Fig. 3.3, the sampled values of the beat signals
are stored in a matrix, where along the fast-time are stored the samples related to
a chirp, while along the slow-time are stored data related to the different chirps.
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To evaluate the phase variation of the beat signal in time, a row of the matrix is
selected, this is related to the distance of the target. The phase variation among
the different samples on this row represents the phase change of the beat signal due
to the target vibration.
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Figure 3.3: Target position detection without the MIMO usage.

The proposed method is based on a fundamental consideration, the target must
not move during the measurements. This is because if the target moves, a signal
saturation may occur in a sensitive receiver for heartbeat detection because of its
limited dynamic range, making it impossible to detect any signals [100, 101]. This
case is common when we try to measure vital parameters as the human body always
moving. In the case of mechanical systems, this movement can be controlled so the
effect can be neglected. The steps for extracting the phase information are:

o Calculate the FFT along the fast-time and identify the target position;
o Extract the complex samples of the FF'T for the selected range bin;
« representation in time and frequency of the phase signal.

The configuration of the radar system is based on two main parameters, the ob-
servation distance, and the best resolution. To reach a good target identification
the range resolution value must be smaller as possible, but the configuration of the
system is a compromise between all the parameters. The maximum distance R,,q.
is related to the beat frequency fyeqo: through the equation:

fbeat e
2 - Slope
where c¢ is the speed of light and Slope is the slope of the FMCW signal ramp. In
this case, given that the maximum value of fy..; is equal to the maximum sampling
frequency, only the Slope parameter may be chosen for calibration. The phase signal,
used in the analysis, is a signal composed of a value for each chirp and therefore its
sampling time coincides with Tpyp:

Rz = (3.9)
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1

Tchirp

fSamplingFFT = (310)
This also determines the maximum frequency of observed vibration, the adopted
configuration tries to reduce Tgpp to the minimum value and to maximize spatial
resolution and definition. Based on these constraints, the configuration parameters
reported in Tab. 3.1 were chosen.

Table 3.1: Radar Parameters

’ Parameter \ Value ‘
Start Frequency 77 GHz
Idle Time 100 ps
Slope 11.587 MHz / us
Radar Bandwidth 3998,9 MHz
fsampling 12 MHz
tpe'r'iodicz’ty 60 ms
n° ADC Samples 4096
TChirp 345.12 pus

From this calibration the maximum range distance is around 80 meters and is pos-
sible to measure vibrations with a maximum frequency of 2.246 KHz.

3.2.1 Numerical Simulations

The experimental performance evaluation starts from a numerical simulation and
to represent a realistic trend, the data of a real earthquake, which occurred in
Perugia on 30 October 2016, acquired through seismic accelerometers, was taken
into consideration [102]. Based on the acceleration data, the displacement signal,
which is the entity of the vibration, was obtained through a double integration. In
the simulation, the displacement signal was attributed a maximum amplitude of the
order of hundreds of microns, and it was assumed that the analyzed target was at a
distance of three meters. The displacement signal R(¢) depicted inside Fig. 3.4 and
his sampling frequency is equal to Tepirp. The beat frequency will be given by:

fbeat(t) =92. R(t)CSlOpe

The value of fyeq(t) obtained for each R(t) is used to build a sinusoidal signal sb()
that simulates the target:

(3.11)

sp(t) = exp(—Jj27 freat (t)t) (3.12)

The reference displacement is depicted inside Fig. 3.4, this signal represents the
oscillation obtained from the accelerometers. In Fig. 3.5, we can find the result
of the proposed technique and the signals show how the trend is reconstructed
with very good performances. From this simulated result, we can move to a real
implementation.

57



. Vibrations measurements with Automotive Radars

3.002
3.0015
3.001

"=3.0005

R(1)

2.9995

2.999

2.9985
0

0.5 1 L5

2.5 3

4

Samples %10

Figure 3.4: Simulated displacement signal obtained from the accelerometer infor-
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Figure 3.5: Phase signal provided by the vibrational algorithm. The phase value
was normalized by dividing by the maximum value.

3.2.2 Laboratory and Outdoor tests

After the simulation, we move to a practical laboratory setup implementation, the
target used is a metallic board where an electro-acoustic transducer is fixed to them.
The transducer is connected to a signal generator that provides a train of rectangular
pulses with a 50 Hz frequency and a 50 % duty cycle. In the measurement setup,
the board was placed at a known distance of about 2.59 m from the radar system so
it is easy to locate its position inside the FFT range. The setup is depicted inside
Fig. 3.6.

The obtained results are shown in Fig. 3.7 where in the first graph is possible to find

58



3. Vibrations measurements with Automotive Radars

N

Signal Generator Electro-Acustic Metallic Plate
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Figure 3.6: Schematic representation of the setup used during the laboratory
preliminary tests.

the trend of the phase along time, being the acquisition time of about six seconds.
In the second it is shown shown the conversion of the phase into displacement, for a
reduced time interval. Finally, in the third, the FFT of the displacement signal was
obtained to highlight the harmonic vibration components, to verify the frequencies
triggered by the transducer. The most interesting frequency components are at 53.1
Hz and its multiples. The trend of the phase signal over time makes it possible
to identify a periodicity of about 0.02 s. This is consistent with the type of pulse
supplied to the transducer.

The last part of the work is aimed at an application in a real context, carrying out
measurements on a continuously stressed structure as a motorway bridge. The sen-
sor configuration is the same used in the laboratory environment and two different
tests were performed: in the first one the vibration of the main metal beam of the
bridge was measured, while in the second one the vibration of a shelf to support
the beam was considered. As introduced before, the position of the beam and the
shelf were firstly identified in the FFT Range to extract from the data matrices
the displacement bins. To validate the obtained results, two videos were recorded
showing the passage of the various vehicles on the bridge. There is no perfect syn-
chronization between video and radar acquisitions, but the video is still important
for data validation. Fig. 3.8 refers to the radar pointing at the center of the metal
beam that supports the bridge. The graph shows two important oscillations spaced
about 4 seconds apart. The analysis of the video shows two vehicles that pass on
the bridge with a temporal distance of 4 seconds, causing bridge oscillation. The
detected displacement is in the order of tens of microns.

3.3 Performances validation
The produced results make it interesting to study which performances can be reached
by the sensor, in terms of accuracy, in measuring vibration displacements and fre-

quency. Also, the sensor used is equipped with MIMO, so this technology can be
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Figure 3.7: Results obtained during preliminary tests: a) signal phase, b) calcu-
lated Displacement, ¢) Displacement FFT.
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Figure 3.8: Vibrational test on the main metal beam of the bridge.

applied as in the previous work this is not done. This performance analysis can
be conducted with a setup built for this purpose and the area chosen for the mea-
surements is a mechanical measurement laboratory. Inside this area, not only the
measurement setup is present, but also other instruments and objects, this means
that the area is not clean but suitable to reproduce a generic environment where
many objects can be present and not only the chosen target.

The measurement setup includes a signal generator, a mechanical shaker, an oscil-
lating panel (the target), and a laser vibrometer. The dimension of the panel is 46
x 34.5 cm and is made with a sandwich in fiberglass and the core is in polyurethane
foam. The facing surface in the direction of radar and laser vibrometer is coated
with aluminum tape thick of 0.5 mm. The generator is used to generate a sinusoidal
signal with a given stable amplitude and frequency where the signal’s parameters
are varied throughout the tests. The generator is connected both to an ADC (part
of the laser vibrometer system) and to a mechanical shaker. The latter is bound
to the aluminum-coated panel which is the oscillating target in our setup, which is
shown in Fig. 3.9.

The position of the target is chosen in a map similar to the one in Fig. 3.10 which
shows the angular-range information in terms of FFT bins, not the converted Range-
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Laser Vibrometer

Figure 3.9: Measurement setup with the radar and the laser vibrometer.

Angle axis. The target used stands along with the angular bin no. 1 and the range
bin no. 46. As it is also evident, the target structure stands extends over three
range bins (46, 47, 48), but the correct one is only the first, which gives the position
of the vibrating panel.

To avoid the Radar receiving spurious reflections from the shaker support and the
floor, a set of microwave absorbers have been placed on the measurement field. As
mentioned above, each element that stands inside a “pixel” contributes to the beat
signal, so even to the extracted vibration. For example, if we do not exclude the
support of the panel, the algorithm will also detect its vibration. Tab. 3.2 shows
the Radar parameters configuration, which is selected to easily identify the specific
object chosen in our experiments to be the Radar target, i.e., a wooden aluminum-
coated panel, among other objects located nearby in the lab. For this purpose a
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Figure 3.10: Range-angular direction map.

resolution of 0.067 m is used, a value that is comparable to the panel thickness.

Table 3.2: Radar Parameters

’ Parameter \ Value ‘

Idle Time 100 ps
ADC Valid Start Time 6 us
ADC Sampling Time 63 us
Used Radar Bandwidth | 3.99 GHz
tperiodicity 976 Hs

Radar and laser Vibrometer are 3.013 m far from the target and are operated si-
multaneously. The distance value is the range measurement of the Radar, such a
distance value is taken from the Radar detection so the error is the resolution range.
Both measurement systems are aiming at the shaking panel. The laser vibrometer
sight of the target is greatly improved by using the laser spot as a reference. On the
other hand, the Radar aiming is obtained by orientating the Printed Circuit Board
(PCB) so that the transmitter’s antenna boresight axis is lined-up with the center
of the shaking panel. Two measurement campaigns have been carried out. In the
former, a setup is used like the one shown in Fig. 3.9. In the latter, the microwave
absorbers are removed and the position of some objects in the Radar field of view is
changed, to verify the repeatability of the measurement results and their reliability.
During each measurement campaign, the signal generator’s frequency and ampli-
tude are chosen within a set of possible values, thus changing the target’s shaking
frequency and displacement accordingly. In Tab. 3.3 all these values are reported:
they are chosen to produce vibration with unknown amplitude and even non-integer
values of their frequency.

Following the system setup, measurements with both instruments used at the same
time are performed, in order to determine the target vibration frequency and dis-
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Table 3.3: Generator’s signal amplitude (voltage) and frequency settings.

| Voltage [V] | Frequency [Hz] |
1.5, 1, 0.5, 0.25, 0.125 2.5
1.5, 1, 0.5, 0.25, 0.125 13
1.5, 1, 0.5, 0.25, 0.125 47

placement. Each measurement lasts for 50 seconds. The Radar sensor’s signals are
collected and saved on a storage memory, to be processed off-line where a Matlab
processing will extract frequency and displacement magnitude versus time. A sam-
ple result is given in Fig. 3.11. The number of samples collected by the Radar system
is different from the laser vibrometer. For the former device, the number of samples
depends on the number of transmitted measurement chirps (in this case, 51200); for
the latter, the number of samples depends on the configuration (4096). The result is
evident in the harmonic analysis, where a different frequency resolution is obtained.
The sampling frequency of the vibration for the Radar system is 1024 Hz, and it is
1280 Hz for the laser vibrometer. So, the frequency resolution is 0.02 Hz and 0.3125
Hz, respectively. This must be taken into account during the analysis of the results.
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Figure 3.11: Target displacement in time, measured by the Radar.

To evaluate the Radar sensor performances in measuring the target displacement, the
reference laser vibrometer is used, which can determine the target shaking displace-
ment in real-time. The target shaking frequency as measured by the Radar equip-
ment is directly compared with the signal generator displayed value. In Fig. 3.12
we can find an example of the vibrometer console output used for the laser mea-
surements. The values used in the experimental evaluation are taken from such a
console. In the first shell is depicted the magnitude of the FFT calculated on the
measurement of the vibrometer, in the second the reference signal expressed in Volts
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provided by the signal generator, and in the third, the measurement vibration result
expressed in speed.
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Figure 3.12: Vibrometer software display used to read the measured values. In
the first shell is depicted the Magnitude of the detected displacement, in the second
the reference voltage signal coming from the signal generator and in the third the
amplitude of the detected displacement.

For each couple of frequency and voltage settings, ten measurements are repeated in
the first setup, and two in the second one. For each signal, the value of the positive
relative maxima was calculated; from the average of these values, it is possible to
obtain the average measure of the target displacement. This is possible because
the signal generator does not change the generated signal along the time, so it is
possible to assert that the movement of the target remains the same during all the
fifty seconds of the measurement.

In Tab. 3.4 and 3.5 the average values and standard deviations of the measurement
data obtained from the vibrometer (7,) and from the Radar sensor (Z, and o,, as a
result of signal processing) are reported.

Starting from the frequency results, these are the same at all voltage values, and for
this reason Tab. 3.4 reports one value for each frequency. The laser vibrometer and
the Radar system have different resolutions in frequency, but anyway it is possible
to state that the Radar system produces very similar results to the vibrometer.
The results obtained from the second setup are the same as the first one. So, the
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Table 3.4: Measurement results of the target frequency obtained in the first setup.

Signal Gen. | Vibrometer | Radar

Frequency [Hz] 7, [Hz| z, [Hz]
21.5 21.56 21.49
13 13 13.13
4.7 4.7 4.69

effect of other objects located inside the scene and of the ground do not degrade too
much the attained measurements.

Tab. 3.5 reports the result for the detected displacement: even in this case, for the
first and second setup, similar results are obtained so in the table only the former
are presented.

Table 3.5: Measurement results of the average target displacement obtained in
the first setup. The last column reports the difference between the Radar and the
vibrometer measurement values

Signal Gen. Vibrometer Radar Ay
Frequency [Hz]|, Voltage [V] T, [mm] T, [mm] | o, [mm] | [mm]
21.5, 1.5 1.69 1.83 0.015 0.14
21.5,1 1.08 1.15 0.004 0.07
21.5, 0.5 0.57 0.61 0.003 0.04
21.5, 0.25 0.28 0.32 0 0.04
21.5, 0.12 0.14 0.16 0 0.02
13, 1.5 2.50 2.88 0.005 0.38
13, 1 1.66 1.95 0.016 0.29

13, 0.5 0.83 0.92 0.001 0.09
13, 0.25 0.41 0.49 0.004 0.08
13, 0.125 0.20 0.25 0 0.05
4.7, 1.5 6.83 7.20 0 0.37
4.7, 1 4.62 4.96 0.012 0.34
4.7, 0.5 2.28 2.53 0.008 0.25
4.7, 0.25 1.12 1.16 0 0.04
4.7, 0.125 0.55 0.64 0.001 0.09

In the second measurement setup, we obtain similar results, either for displacement
and frequency. By the analysis of the data, it is possible to assess that the Radar
system gives stable measurement results, with a resolution of 100 pm.

The Radar used is a MIMO device, so it is possible to identify the position of the
target not only in range but also in angle. This is helpful to resolve near targets
and reduce the interference, especially in a radar-noisy environment. With respect
to [103], the signal processing is similar but in this case the Radar is not able to
discriminate targets at the same distance. This means having a degradation of
the measurements. For analyzing this degradation we compare the laser vibrometer
measurement with the Radar, using the MIMO identification or not. With the setup
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used, the position of the target is “46” along the range FFT axis and “1” along the
angular FFT axis. All the results presented are obtained from these values. In the
case without MIMO, only the range is present, so the identification of the position
is the range bin (46). Fig. 3.13 depicts the result of applying MIMO identification
or not.

Observing Fig. 3.13, it is possible to see how the exploitation of the MIMO capability
improves significantly the quality of the measurements. The signal generated by the
generator is sinusoidal, and the most similar signal is obtained when applying MIMO.
Without using MIMO, the signal is still periodic but with noticeably high amplitude
and phase distortion. In a measurement area where multiple objects are present and
not only the designated target, it is very difficult to obtain a clean measurement of
displacement and vibration frequency. In some cases, the measured displacement
is completely wrong and, following the model given in Equation (3.8), this is the
result of summing together all the contributions coming from many targets at the
same distance.
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Figure 3.13: Measurement results for the test 21.5 Hz - 0.25 V, when using the
angular identification (enabled by MIMO) or not.

Inside equation (3.8), the beat signal is the sum of multiple terms. With the ap-
plication of the MIMO transmission it is possible to discriminate each component
not only in range but also in angle. If the angular discrimination is not considered,
the equation becomes:

Rm
sb<R7 @) = Z Sbrg (3'13>
r=1

Equation (3.13) considers all the angular components of the signal; conversely, inside
equation (3.8) the angular terms are not summed together so this improves the
performances of the detection. The result is a beamforming of the receiver antenna
diagram, which allows separating the elements along the angle.

Another type of analysis can be focused on the harmonics of the detected vibrations.
The signals’ spectra are reported in Fig. 3.14.
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Comparing the results in terms of the detected vibration frequency, the laser vi-
brometer and the Radar system with MIMO technique achieve similar results. The
scale of the spectral amplitudes shown in Fig. 3.14 is in dB full scale [dBFS] for a
better comparison. Both the systems can detect the main frequency of vibration and
the other multiple harmonics with a decreasing trend. In the case without MIMO,
the detected maximum value is not always correct: in the example shown, the main
frequency is around 32 Hz when the vibration is set to 4.7 Hz. The application of
the algorithm with the range detection only can reach good performance when the
measurement area is clear from other objects, and there is only the desired target
inside the chosen range bin.
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Figure 3.14: Harmonics comparison between the three measurement techniques
used. The depicted spectrum is limited to 50 Hz. The vibrational frequency detected
is very similar in all the cases.

From the results, it is possible to see how the Radar can detect with good perfor-
mance the vibration frequency and the displacement of the target, the latter one
with a resolution of hundreds of microns. Moreover, when the microwave absorbers
are removed from the measurement scenario, thus increasing Radar noise and clut-
ter, the performances remain the same. Comparing all the measurements with those
provided by the vibrometer, a mean arithmetic value of Ay is calculated and results
of 0.15 mm. This is bigger than the error stated in [99], but the setup used in this
work is more realistic and the target is located at a greater distance from the sensor.
The comparison between the two Radar techniques shows how the correct detection
of the position of the target is important to improve the performance of the Radar-
based system. The angular detection can somehow filter out the undesired targets,
and this allows to obtain a better quality Radar measurement.
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3.4 Application on measuring and detect Vital
Parameters

With the same signal processing technique is possible to monitoring of the vital
parameters of a person in non-contact mode. Measuring HR and Respiration Rate
(RR) with a non-contact technique is very important in applications like drowsiness
detection inside a vehicle [104, 105], or in a hospital where contact sensors cannot
be applied. From the results described in section 3.3 we demonstrate how the radar
system can detect very small vibrations even at a distance of meters so is interest-
ing to see which performances can reach the automotive radar in vital parameters
detection. To demonstrate the capability of the sensor and the signal processing
technique we conduct many tests with different setups. The beginning work is de-
scribed in [106], in this case, we need a reference method so also a video system
and a pulse-oximeter are used for the validation. High precision in the definition of
the target position is needed for the subject’s HR detection, since, as described in
the previous section, the heart activity is studied through the analysis of the FFT
phase. Accuracy can be improved by exploiting MIMO, and, as discussed in [107],
MIMO turns out to be extremely effective for the simultaneous monitoring of the
HR of two subjects thanks to the possibility of identifying the angular position of
the subject.

Each transmitted chirp, is designed to be able to precisely identify where the subject
is located. It is possible to use only one chirp for each frame, thus not creating a
data overhead during the processing phase and also more chirps inside a frame lead
to a non-linear sampling of the phase signal. It is important to carefully set the
duration of each chirp and the number of them contained in a frame since these
values directly impact the sample rate of the HR. The sampling frequency along the
slow-time can be written as:

L (3.14)

fsampling[HR] =
tperiodicity

where £ is the number of chirps inside one frame and t,¢,iogicity represents the frame
duration. This equation is similar to equation 3.10 but in this second case the
variable k is added. We conduct Experimental tests at the ICT Laboratory of the
Polytechnic University of Marche on a set of 15 Caucasian and Asian people of
different ages and weights. Radar and GoPro Hero 6 were placed on two tripods,
radar at a distance of about 20 cm from the subject’s chest and GoPro at about
50 cm from the subject’s face. The subjects under test were in a standing position
with the back leaning against a wall. The instrumentation used in the measurement
setup is depicted in Fig. 3.15. During the video acquisition, the subjects were asked
to minimize their movements to avoid noisy signals or face tracking errors. Videos
are captured in indoor conditions, hence we used a standard lamp (see Fig. 3.15) in
addition to the ceiling light to better illuminate the subjects’ faces.

Radar configuration parameters are reported in Tab. 3.6; it is possible to note that
the heartbeat of the subject is sampled with a frequency of 20 Hz, which is a much
larger value than Nyquist’s limit. The obtained W; is filtered to separate the com-
ponents related to the HR and to the RR so, after having obtained the phase signal
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Figure 3.15: Measurement instrumentation used.

we can filter it in the range of the heartbeat and the respiration, i.e. between 60
beats/min and 150 beats/min. The respiration rate is obtained by filtering ¥; with
a low pass Finite Impulse Response (FIR) equiripple filter. The values of the filter
used for the HR are reported in Tab. 3.7. An example of the obtained signals after
the filtering process are depicted inside Fig. 3.16.

Table 3.6: Radar parameters

| Parameter | Value |
Lehirp 15.7 ms
Bandwidth 3.99 GHz
tperiodicity 50 ms
n° chirps in frame 1
n° samples in chirp 128
fsampling 4 MSpS
Rz 4.2184 m
fsamplingHR 20 Hz
n° of transmitted chirps 1000
Used TX and RX TX1/RX1-RX4

In Tab. 3.8 we report the characteristics of the subjects participating to the tests
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Table 3.7: Filters parameters for the HR.

’ Parameter \ Value
Filter Type | FIR Equiripple
fstopl 0.8 Hz
fpassl 1.1 Hz
fstop2 2.5 Hz
fpass2 2.8 Hz

and in Tab. 3.9 the results of the corresponding average heartbeat obtained with
both the considered methods, radar (indicated as R) and video (V) processing, with
respect to values given by Pulse Oximeter (POx).
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Figure 3.16: Extracted displacements before and after the filtering process.

One of the video techniques used for the comparison is the Eulerian Video Magnifica-
tion (EVM) who amplifies the skin color, for this reason the subjects’ characteristics
and ethnicity are described to highlight any possible influence on the HR estima-
tion. In the case of videoplethysmography (VPG) processing, people with beard or
make-up may generate a greater error.

The relative percent errors Er% between different methods shown in Tab. 3.9 are

calculated as follows
|Ref — Al

Ref

where Ref is the reference value and A is the value estimated using the contactless
approach. The MREs, computed by averaging the relative percentage errors Er%,
between Radar and Pulse Oximeter and videoplethysmography (VPG) and Pulse
Oximeter, are reported in Tab. 3.10, showing that errors obtained are very similar.
The small errors measured also prove that both contactless methods can be used as a
valid alternative to the Pulse Oximeter and the results obtained with the automotive
radar are in line with the other non-contact technique.

Er% = - 100, (3.15)
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Table 3.8: Characteristics of the subjects under test.

’ S \ Age \ Weight \ Characteristics ‘

1] 22 66 Caucasian

2| 22 85 Caucasian, Beard
31 37 75 Caucasian, Make-up
41 28 58 Caucasian, Beard
51 27 54 Caucasian, Make-up
6] 26 54 Caucasian

T 37 75 Caucasian, Tanned skin
81| 25 74 Caucasian, Beard
9] 24 75 Asian

10| 25 64 Caucasian

11| 45 70 Caucasian

12| 31 70 Caucasian, Beard
13| 29 63 Caucasian

14| 29 63 Caucasian

15| 36 58 Caucasian, Make-up
16| 29 50 Caucasian

Table 3.9: Tests Results: S is the subject number, V the video result, POx the
measured value by the pulse-oximeter, R the value extracted from the radar and
ErP — R]% and ErP — V]% the percentage errors.

STV [POx| R [Erp_g%|Erp_v%]

1|77 76 | 77 1.05 1.32

99 | 102 {98.4| 3.53 2.94
3196 | 93 | 91 1.94 3.23
4165| 67 | 70 3.88 2.99
5|61| 64 | 64 0.62 4.69
6|72 73 | 73 0.27 1.37
7190 93 (924 0.65 3.23
8| 77| 72 | T1 1.67 6.94
9|74 73 | 72 1.37 1.37
100 79| 81 | 83 2.22 247
11179 78 | 79 1.54 1.28
121103 ] 103 | 104 0.97 0.00
131721 72 | 67 6.67 0.00
14192 93 | 82 12.26 1.08
15181 | 83 | &80 3.13 241
16| 70 | 71 | 72 1.41 1.41

The evaluation HR with an FF'T is simple and immediate, the highest peak of the
spectrum is the result of the measurement. Also, the acquired signal is related to
more or less 50 seconds so the obtained value is a mean of the HR during this
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Table 3.10: MREs comparison between radar and video processing.

MRE POx-R | MRE POx-V
2.76% 2.35%

time. The main drawback is due to the presence of other multiple FFT peaks
,sthese can affect the correct evaluation of the HR, for this reason, we choose to use
another type of algorithm to calculate the spectrum, this is the MUltiple SIgnal
Classification (MUSIC) algorithm and his output is a pseudo spectrum who can be
used for the HR calculation. The MUSIC algorithm is commonly used in MIMO
radars to improve the angular resolution but this technique can be used also to
estimate the main harmonic contributions in a signal [108, 109]. This algorithm is
an eigen-based subspace decomposition method and can estimate the frequencies of
complex sinusoids observed in additive white noise. We can consider a noisy signal
vector y composed of P real sinusoids, we can model the signal as:

y=3Sa+n (3.16)
where:
e a4 = [Xl,XQ, ,XP]T
o S =1s1,82, ... ,Sp]
* Sk = [1,ej2”fk, ,eﬂ”(N—l)fk}

N is the number of samples, f; is the frequency of the k-th complex sinusoid, X}, is
the complex amplitude of k-th sinusoid and n is a zero mean Gaussian white noise
vector with variance o2. To calculate the pseudo-spectrum we need the autocorre-
lation matrix which is:

Ry, = E|lyy"| = Rug + Rop = SAS" + 021 (3.17)
where £ denotes the expected value, H denotes the Hermitian. R,, is a diagonal

matrix and, in addition, Rxx and Rnn are the autocorrelation matrices of the signal
and noise processes who can be written as:

N
Rer =Y Noupf! (3.18)
k=1
N
R = 02> vpup! (3.19)
k=1

where A\, and v are the eigenvalues and eigenvectors of the matrix R,, respectively.
The autocorrelation matrix of the noisy signal may be expressed as:

N N N
Ry, =Y ool + 02> ool =Y o) (3.20)
k=1 k=1 k=1

where p1p = A, + o2 are the eigenvalues of the matrix R,,. All the eigenvalues are
the real numbers and satisfy:
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[ >y 2, 2y > fipy = [N = O, (3.21)

At the end we can define the pseudo-spectrum PYSTC(f) as:

1 1
PYISIC(f) = = 3.22
) S S (P ST VVAS() 322
where s(f) = [1e/2™f, ... e2"W=Df]T is the complex sinuosidal vector and V =
Upi1, ---- ,Up| is the matrix of the noise subspace. So considering y the phase signal
[vpy ]

U, extracted as described in Section 3.1 is possible to calculate a new spectrum and
use it for the HR evaluation.

For our specific application, the value of P who provides the better performances is
50 and, in Fig. 3.17 a comparison between the two radar techniques discussed before
is depicted. We observe that the two detection algorithms lead to different results.
In the case of the FFT, the highest peak corresponds to 64.8 bpm, while in the case
of the MUSIC to 74.4 bpm, which represents the correct value. We note that within
the FFT spectrum there is a value around 74 bpm. However, this is not the highest
peak, and this affects the detection of the correct HR value.

X 744

8l X 64.8 1 S

Y 8.247 —MUSIC

Y 7.497

7 X 64.8 X 732
Y 6.297 Y 6.258

Normalized amplitude
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Figure 3.17: Extraction comparison between MUSIC and FFT. The amplitudes
are obtained by dividing each value by the maximum of both the methodologies.

To improve the comparison of the performances, in Tab. 3.11 we report the results
achieved by different video and radar methodologies, an overview of these video
techniques can be found in [110, 111, 112, 113, 114]. Table 3.11 also shows the
number of the subjects (indicated by S) who participated in the tests and the results
of the average heartbeat (in bpm) obtained with the considered radar and video
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methods, with respect to values given by Pulse Oximeter (POx). Regarding the
radar techniques, in our comparison we do not consider subjects 13 and 14, since
the error is too large. This is probably due to the incorrect position of the radar
in front of the subject, which makes it difficult to detect the correct target position
inside the Angle - Range map. For the cases of subjects 5, 8, and 15 the value of HR
is extracted from the second peak. This problem is also present in the FFT based
technique and is a consequence of the filtering process that generates big peaks
near the cut frequencies. The application of the MUSIC reduces this effect, so this
algorithm improves the performance of the system also from this point of view. It
is possible to evaluate the difference A between the two techniques considered and
the value measured by the pulse oximeter, averaged over the 16 subjects, using the
following equation:

N )
where NN is the number of the subjects, POx represents the value detected by the

Amecm =

(3.23)

pulse oximeter and V is the value detected by the applied radar technique. The
MUSIC algorithm results in a Aypsre of -0.227 [bpm], while the FFT in a Appr
of 0.157 [bpm]. The two techniques give similar results, but the MUSIC algorithm
allows a easier detection of the peak.

Table 3.11: Tests results on subjects with different physical characteristics. All
results are measured in bpm.

| S [POx|EVM |ICA(G)|ICA(G)+PCA [ICA+PCA+SD |[FFT |MUSIC]|

1] 7 | 77 72 70 70 770 | 75.6
21102 | 98 98 81 85 98.4 ] 100.8
3193 | 98 85 90 91 93.6| 91
4| 67 | 64 o4 70 o7 70 72
5| 64 | 62 70 70 67 64 | 64.8
6 73| 72 72 67 72 73 72
7193 | 90 88 76 83 92.4| 91.2
81 72 | 77 67 70 70 71 72
91 73| 75 75 90 67 72 70.8
10] 81 | 69 75 90 72 83 | 81.6
11} 78 | 77 78 79 75 79 | 804
121103 | 111 83 104 91 104 | 103.2
13| 72 | 72 72 70 80 67 /
141 93 | 95 85 93 93 82 /
15] 83 | &80 80 96 85 80 | 81.6
16] 71 | 69 70 93 67 73.2 72

In Tab. 3.12 we evaluate the mean relative error (MRE) between different methods,
taking as a reference value the one measured by the pulse oximeter. As regards the
methods based on video processing, we observe that the EVM method is the most
accurate but computationally heavy, as the others video processing techniques. The
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radar approach is less accurate but the processing is more simple and the system is
not affected by the characteristics of the subjects such as make-up or beard.

Table 3.12: Comparison and percentage error between different methods.

\ Methods MRE [%]|
POx-EVM 0.55
POx-ICA 6.92

POx-(ICA+PCA) | 10.06
POx-(ICA+PCA+SD)| 7.71
POx-FFT 2.82
POx-MUSIC 1.86

3.5 Vital parameters estimation with 300 GHz
radar sensor: qualitative analysis

As we wrote in section 3.1, the capability of the radar system to detect small vibra-
tions is strictly related to the wavelength and the bandwidth of their transmitted
signal. FMCW Radars with more high operating frequency and bandwidth can be
found on the market and such sensors work at 300 GHz with around 40 GHz of band-
width. A device equipped with these features is the Silicon Radar TRA_300_030
who is depicted inside Fig. 3.18.

With this sensor is theoretically possible to detect smaller vibrations with also more
resolution in range detection.

Figure 3.18: 300 GHz radar system.
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The raw samples coming from the ADC are transferred by a USB cable and over
the same connection, we can send the configuration parameters. The device is
also designed to provide some elaborated data, such as the range FF'T and the
CFAR calculation. These computations result in a non-constant update time of the
data: the sensor provides the samples of each chirp sampled according to a nominal
frequency, but the time between two chirps changes from one to another. This means
that the HR and the RR can be analyzed only along the time.

To validate the capabilities of this device with the proposed signal processing algo-
rithm, we conduct some qualitative experiments, and we test the system in an HR
and RR setup. This work can be found in [105] where we compare the results with
the AWR1642. The used setup is simple, the subject sitting in front of the radar
with the sensor oriented in the direction of the subject’s chest. The measurement
is performed separately with the two compared sensors. Performing a simultaneous
measurement with the two devices is difficult so we decide to perform the measure-
ments separately. The sensors are placed at more or less twenty centimetres from
the subject and the configurations are derived also taking into account this distance.
The configuration parameters are reported in Tab. 3.13 and Tab. 3.14. The tech-
nique used for extracting the vitals parameters are the same described before but,
as the 300 GHz sensor is not suited with MIMO, the comparison with the 77 GHz
Radar is performed without this technology.

Table 3.13: 77 GHz radar parameters

’ Parameter \ Value ‘
tchiTp 15.7 us
Bandwidth 3.99 GHz
CRT 50 ms
No. chirps in frame 1
No. samples in chirp 128
fsampling 4 MSpS
Rz 4.2184 m
fsamplingHR 20 Hz

Table 3.14: 300 GHz radar parameters

’ Parameter \ Value ‘
Lehirp 503 s
Bandwidth 4.99 GHz
No. samples in chirp 1024
Rax 15.998 m
Distance accuracy 312 mm

As we did before, the phase signal must be filtered to obtain the HR and the RR. In
this case, we try to use a different type of filter: we choose an elliptic as this provides
less delay. The parameters, both for HR and RR, can be found in Tab. 3.15.
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Table 3.15: Used filter parameters

’ Parameter \ RR \ HR ‘
Filter Type | Elliptic Bandpass | Elliptic Bandpass
fstopr [Hz] 0.1 0.8
Jpass1 [Hz] 0.2 1
fpass2 [Hz] 0.4 2
fstopz [Hz] 0.8 2.2
Attgop [dB] 60 60
Att,ass [Hz] 1 1
Attsopz [Hz) 80 80

The 300 GHz radar is equipped with a very directive antenna so the capability of the
sensor to detect the HR is limited. The chest of the subject must be perpendicular
to the sensor orientation and for this reason, we can measure only the respiration.
An example of the vital parameters extracted by the two systems can be found in
Fig. 3.19a and Fig. 3.19.

From the performed test, the performances of the 300 GHz radar seem to be poor
respect the 77 GHz. The main reason in our opinion is the design of the antenna,
their extremely directive radiation diagram makes this sensor not suited for this
application. The wavelength of the transmitted signal is very interesting as in theory
can provide very good performances in terms of vibration detection. So, in the case
of vital parameters, where the detection of the heartbeat is very difficult, this device
will be able to provide better performances than the 77 GHz. To reach them the
sensor needs an accurate design for this particular application and the actual version
cannot be used.

3.6 Chapter conclusions

The proposed signal processing technique, coupled with an automotive radar (the
AWR1642), can detect very small vibrations who are in the order of 100 microns.
This technique works well in applied fields such as building monitoring and person’s
vital parameters extraction. The comparison with another type of radar that works
at a higher frequency and is equipped with more bandwidth can theoretically provide
better performances but, from experimental results, we can see how this is not
completely true. The 300 GHz sensor shows how the antenna design is fundamental
in this application and to obtain good results we need a wider aperture antenna.
Speaking about the signal processing technique, this has the main drawback in the
detection of the target, this must not move during the measurement. The target
must always stand in the same range-angular bin (or range-bin if we do not apply
MIMO), otherwise, the technique provides poor results.
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4

Conclusion

The work presented in this thesis shows how modern automotive radars can provide
excellent performance not only in the vehicular field. Even if they are designed for
a specific use, they can be used to extract micro-Doppler signals with good resolu-
tion. Moreover, modern Machine Learning techniques make possible classification
operations of such signals with very high performance. In the first part of the thesis,
we focused on classifying signals in different contexts. For each of them, a special
pipeline has been developed, which is based on appropriate pre-processing. Different
classification strategies have been studied and their performance has been validated.
The work done shows that with these devices is not always necessary to apply more
complex techniques to obtain better performance. It is also shown that the defini-
tion of features on radar maps makes it possible to simplify the algorithms, with the
advantage of reducing latencies, and not having a loss of performance. This study
has been verified in several areas one of which is the identification of drones. In this
application, the detection time is critical to take countermeasures.

Instead, the second part of the thesis described the work done in measuring vibra-
tion. From the literature, it is known how radar systems can measure the vibrations
of objects always exploring the micro-Doppler effect. The capacity of the system
is related to the wavelength of the device, so we have validated the performance of
the systems at 77 GHz. It has been passed for a part of the job in simulation and
validation in the laboratory and subsequently, they have been made some outdoor
measures on structures like bridges and viaducts. We then carried out a work of
comparison between the capabilities of the radar and a laser vibrometer in order
to obtain a numerical error value of the device. This parameter was fundamental
in the study of a second application, that of vital signs detection. In this case,
the displacement of the chest of the subjects analyzed contains the information of
respiration and heartbeat. Therefore, a good detection capability is fundamental
to have a good performance. In this case, we chose to compare the measures ob-
tained with the radar with those obtained with video processing and we calculated
the error. The performances of the two systems are comparable but the radar can
preserve the patient’s privacy which is more difficult with the video. In the end, a
comparison was made with a 300 GHz radar, but the performances obtained are not
satisfactory. The reason seems to be the extreme directivity of the antenna of the
300 GHz radar which does not allow to measure well the displacement of objects
that are not perpendicular to it. The micro-movements of the subject, therefore,
disturb the measurement and for this reason, better performances are obtained with
the 77 GHz radar which has a wider radiation pattern.
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4. Conclusion

In conclusion, the results obtained are in line with what is found in the literature
demonstrating the quality of the work done. The algorithms developed are based on
a device already available on the market which could be applied to the applications
treated.
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