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Abstract

This thesis deals with the classification of road surfaces in motion at a constant
velocity based on a 60 GHz pulse coherent radar and supervised machine learn-
ing. The surfaces chosen for classification are dry asphalt, wet asphalt, and snow.
Data is acquired from diLerknt sites using the Acconeer A111 radar mounted on a
radio-controlled car. Data sets are built through feature extraction methods based
on averaging and autocovariance of amplitude. The machine learning algorithms
evaluated are support vector machine, random forest, and neural network. These
machine learning algorithms are tested and individually evaluated. The results sug-
gest that it is possible to classify surfaces with great certainty.

Sammandrag

Den har uppsatsen handlar om klassificering av vagytor vid rorelse i konstant hastighet
baserat pa en 60 GHz puls-koherent radar och maskininlarning. Urvalet av ytor for
klassificering bestar av torr asfalt, vat asfalt och snd. Datainsamling sker pa olika
platser med hjalp av Acconeers Alll-radarenhet, monterad pa en radiostyrd bil. Ett
dataset ar byggt med metoder baserade pa medelvardesbildning och autokovarians
av amplitud. De utvarderade maskininlarningsalgoritmerna &ar support vector ma-
chine, random forest och neural network. Dessa maskininlarningsalgoritmer testas
och utvarderas individuellt. Resultaten tyder pa att det ar mojligt att klassificera
ytor med hog tra [sdkerhet.

Keywords: Surface Classification, 60 GHz, Pulse Coherent Radar, Acconeer Alll,
Feature Extraction, Autocovariance, Supervised Machine Learning, Support Vector
Machine (SVM), Random Forest (RF), Neural Network (NN)
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1

Introduction

In this chapter, the relevant background information, the objective, and scope of the
project are presented.

1.1 Background

Reliable identi cation of surfaces is applicable in numerous situations. An au-
tonomous robot, such as a vacuum cleaner or industrial robot, can use such tech-
nology to remain on the desired surface. Another possible application is for quality
inspection of surfaces, such as airport runways or paint-jobs. Characterization of
surfaces can also be a useful component in cars, especially in self-driving cars, as the
handling and therefore the necessary setup of the car greatly depends on the surface
it is driving on. In slippery conditions, the wheel torque needs to be steady and the
speed into a sharp corner has to be slower than while driving on dry asphalt.

Several methods can potentially be used for the identi cation of surfaces. Three
common ones are optical, acoustic, and radar measurements.

Optical measurements can generate a high-resolution picture of a surface and the
output is often intuitively interpretable by people. However, this requires a clean
lens and a clear view of the surface. This technique is therefore sensitive to dirt,
water, and fog [1, p. 4]. It also requires a source of light, which makes it di cult
to use during the night [2, p. 8]. Due to these reasons, there are many situations
where the optical method may be unsuitable.

Acoustic measurements can be conducted using di erent methods. One such method
is the usage of ultrasound. A downside to this method is that it is sensitive to sur-
rounding noises, of which there can be plenty in a home, in a factory, and especially
on aroad. The acoustic method can, therefore, be very complex in terms of ltering
out unwanted noise. Another possible disadvantage may be in applications where
latency is of importance. The speed of sound might in certain circumstances limit
the response time.

Radar measurements, however, are not as sensitive to dirt or fog, and only sensitive
to weather at long distances [1, p. 4][3, p. 56]. Vibrations add an uncertainty
e ect with radar, but this is common for all three methods. Using radar is also a
good method when the latency is important. With these things in mind, radar is a

1



1. Introduction

method worth examining for surface classi cation purposes and will be the subject
of this project.

The term radar is an acronym for Radar Detection and Ranging [1, pp. 2-7]. Today,
radars are so common that the word itself has become a standard English noun.
Radar technology has been around since 1904 when Christian Hilsmeyer made the
rst successful experiment with radar [4]. Robert Watson-Watt proved in 1935 that
radar can be used to detect airplanes [5]. The development of radar technology then
took o during the 1930s, especially during World War 1l as it became an important
tool for surveillance. Nowadays, the technology is still used widely in the military
but also in many other applications, for instance as tra c radars, for measuring
speed or as meteorological radars for weather monitoring [1, pp. 1-3].

Brie y, radar is an electromagnetic transmitter and receiver [6, pp. 1-2]. These are
used for detecting and locating objects by measuring re ectively. The radar radiates
electromagnetic waves through an antenna. The waves propagate in space and are
re ected by some object at a certain distance. Some of the waves are re ected back
in the direction of the transmitter as an echo and are received by the radar antenna.
With signal processing, the received signal can be analyzed to decide whether an
echo from a target is present. Then, desired information can be extracted such as the
distance to the object and the speed of the object. The backscatter, and therefore
the re ected signal, will be dependent on the material attributes of the scattering
surface.

The raw data that the radar receives may be hard to interpret without the use of
signal processing, but through di erent methods, meaningful information can be
extracted. Depending on what the goal is, there are di erent ways to alter and lter
out speci ¢ parts of the data.

A di culty when using radar on surfaces is that data produced by radar is hard to
interpret intuitively by humans. However, a computer might be able to distinguish
surfaces given a model that can translate radar data to classi cations.

One way of creating a classi cation model would be by studying the theory behind
radar propagation and how it relates to surface attributes. This is explored by several
studies [7] [9], which analyze the backscatter at di erent polarizations to distinguish
surface types. Another method would be a data-based approach. This would mean
building such a classi cation model with a machine learning algorithm instead, using
previously acquired data as its input. Montgomery and Holmén [10] demonstrate
the feasibility of distinguishing grass from surfaces such as pavement and gravel
using machine learning. The data-based approach to creating a classi cation model
will also be the subject of this thesis.



1. Introduction

1.2 Objective and Scope

The objective of this thesis is to classify road surface conditions, speci cally dry
asphalt, wet asphalt and snow, while in motion. A classi cation model will be
developed using machine learning algorithms and acquired data. The data will be
collected at a constant velocity by a radar attached to a remote-controlled (RC) car.
Physical models related to radar propagation will also be examined.

The equipment used is the A111 radar sensor connected to the XC112 evaluation Kit,
both manufactured by Acconeer. The A111 sensor features 60 GHz carrier-frequency
and pulse coherency. The equipment is provided for the project, so evaluating and
selecting equipment is not necessary. Only surfaces mentioned in the objective are
considered in this project. The RC car requires relatively at surfaces to drive on,
thereby only horizontal and even surfaces are the subject of data acquisition. The
data will be acquired while traveling at a constant velocity. Measurements on snow
are made in an indoor skiing facility with arti cial snow.
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Model of Experiment

In this chapter, the concepts of radar are described. It contains a description of the
pulse coherent radar used in this thesis and of its signal characteristics. Furthermore,
a model is derived that relates radar parameters to geometry and electromagnetic
properties of materials.

2.1 Pulse Coherent Radar

The radar sensor that is used in this thesis is a pulse coherent radar (PCR). This
type of radar transmits signals in form of short pulses [11], which is illustrated in
Figure 2.1.

Figure 2.1: lllustration of transmitted pulse in the time domain for the Acconeer
Al1l1l radar sensor. Source: [11]

There are two characteristics in the gure worth noting; the pulse repetition fre-
quency (PRF) and the pulse length. The PRF determines how often pulses are
transmitted and the pulse length determines the transmission duration [11]. The
choice of pulse length also determines the depth resolution. Short pulses provide high
distance resolution but lower signal-to-noise ratio (SNR) in comparison to longer
pulses [11]. Long pulses contain more energy which provides high SNR but lower
distance resolution.



2. Model of Experiment

For a PCR, the radio is switched o between transmission of pulses which makes the
radar energy e cient since the radio is active for only a small portion of time. The
fact that the radar is coherent means that the transmitted and received signals have

a constant phase relationship [1, p. 19]. Coherent radars allow for high accuracy
measurements because small phase shifts, caused by the Doppler e ect discussed
later on, can be measured. Also, coherent radars have higher SNR than non-coherent
radars [1, p. 19].

2.1.1 System Overview

Figure 2.2 below illustrates the subsystems usually found in a pulsed monostatic
radar system, similar to the one used in this project. Monostatic means that the
transmitter and receiver are collocated.

Figure 2.2: Simple block diagram of a pulsed monostatic radar

The main components of the PCR system are the transmitter, receiver, duplexer
and antenna [1, pp. 2-7]. Furthermore, the transmitter and receiver consist of
several subcomponents which are indicated by the dotted lines. In the transmitter,
a signal is generated by the waveform generator. This signal is then ampli ed and
modulated to a radio frequency (RF) by the power ampli er using a mixer combined
with a local oscillator. The transmitter then feeds the signal to the duplexer. The
function of the duplexer is to allow a single antenna to be used for both transmitting
and receiving the radar signal [6, pp. 2-5]. The transmitted power is much higher
than what the receiver can manage. Therefore, the duplexer toggles between the
transmitter and receiver in order to protect the receiver from being damaged while
the transmitter is activated.

The signal from the transmitter is routed through the duplexer to the antenna which
radiates electromagnetic waves into space. The signal propagates and is re ected

5



2. Model of Experiment

by some object and parts of the signal propagates back to the antenna. The du-
plexer then routes the received signal to the receiver. Usually, the receiver is of a
superheterodyne type whose goal is to separate out the desired signal [1, pp. 2-7].
The rst stage in a superheterodyne receiver is usually a low-noise RF ampli er.
This is followed by a mixer to lower the RF to intermediate frequencies, ultimately
to baseband. Each modulation consists of a mixer combined with a local oscillator.
Before the signal is ready for data processing, it goes through a matched lIter which
Is used to maximize the SNR [6, pp. 2-5].

2.1.2 Signal Characteristics

The generated signal used for transmission in a PCR is often modelled as:
yi(t) = A(t)sin(2f it + (t)); (2.1)

where A(t) describes the modulated amplitudef. is the radar carrier frequency

and (t) may be either a constant or represent a phase modulation [3, pp. 53-54].
The received signal will be altered due to delay, distance, noise and propagation
loss among other things. Thus, a received signal from a single transmitted pulse
scattered by an object at a distancd® from the radar antenna can be expressed as

yr(t) = B(t to)sin(2f c(t to)+ (1) + n(t) (2.2)

whereB (t) is the amplitude of the scattered signal, (t) is the echo phase modulation
and n(t) describes some noise. The deldy represents the delay of the scattered
signal located at a distanceR = ¢ytp=2 from the radar antenna.

Usually, the received signal has a shifted frequency caused by the Doppler e ect [3,
pp. 92-94]. This phenomenon occurs when the transmitting and receiving sources
move relative to each other. If the transmitted signal's frequency is referred &g
then the frequency for the received signatf,, is expressed as

¢ _1+% gtV
=

1 %t_co Vv

fe: (2.3)

A positive radial velocity v corresponds to an object moving towards the radar,
resulting in an increasing frequency for the received signal [3, pp. 92-94]. In the
case of a monostatic radar, Equation (2.3) describes the e ect of a moving object in
the radar eld. Usually, the velocity of the radar object is comparatively small to
the speed of lightcy, which allows for an approximation of Equation (2.3):

2V .
f. (1+ g)ft. (2.4)

Furthermore, the Doppler shift is the di erence between the carrier frequency of the
transmitted signal and the frequency of the received signal. The Doppler shift can
be expressed through the estimate (2.4) as

2v 2v
fo —fi=—;
Co c
where . represents the wavelength of the transmitted signal, also known as the

carrier wavelength.



2. Model of Experiment

2.2 Radar Wave Propagation

For radar wave propagation, it is of interest to predict how much power is re ected by

a surface in relation to the transmitted power. This is interesting because the amount
of re ected power is directly related to material properties [12]. For a point-scatterer,
the common radar range equation [3, pp. 54-55] gives such a prediction. Figure 2.3
depicts a general description of the geometry in relation to the transmitting antenna
Tx and receiving antennaRy.

Figure 2.3: Geometry of the radar measurements and visualisation of vectors used
for further derivation of the model

2.2.1 Radar Equation for Single Point-scatterer

The radar range equation is derived using conservation of energy. Lt denote
the transmitted mean power of the time harmonic waves radiated by the transmit-
ting antenna. The transmitted isotropic power densityQ.is, can be expressed as a

function of distancer as 5
_ t .
Qt;iso (rts) - ?tzs

However, the antenna of the A111 radar module is not an isotropic radiator [13] and
therefore an antenna gain facto is introduced. The A111 sensor is a monostatic
radar, which means that the receiving and transmitting antenna are physically the
same and a distinction between transmitting and receiving gain is not necessary.
The length of ris is therefore also the same as;; for a monostatic radar. The
distancesrys and rg, will therefore instead be denoted withr. Equation (2.5) is
adopted by incorporation of the antenna gain factor as

P.G
4r 2

(2.5)

Q= (2.6)

The power continues to spread inde nitely until it gets scattered by a surface, or
some other object. The scattering surface can also be regarded as a transmitter with

v



2. Model of Experiment

the di erence being that it is completely passive. First, assume that the surface is
lossless and that all incident power is backscattered isotropically. To calculate the
incident power on a surface, the previously described power density in Equation
(2.6) is multiplied by the electromagnetic cross-section of the illuminated object.
The electromagnetic radar cross-section is RCS is denoted The backscattered
power density Q;) is, with the new additions, described as

_ Q: _ PG |
4r2 (4 )4

Q (2.7)

To derive the nal equation for the received power, a few steps remain. The backscat-
tered waves impinge on the radar antenna and the received powerHs = A.Q,
where A¢ is the e ective aperture of the antenna. The e ective aperture is related
[14, p. 746] to the antenna gain and wavelength by A, = ( ?G)=(4 ). Incorpora-
tion of e ective aperture in Equation (2.7) gives the total received power as

p- PG G?_ PG °

(At 4 (4 )3e] 28)

Equation (2.8) is known as the radar range equation for a point scatterer.

2.2.2 Radar Equation for Surface Scatterer

Some alterations to Equation (2.8) must be made to t the description of a surface
scatterer. The model derived above assumes that the surface can be described as a
point scatterer. Ground clutter is best described as a distributed surface scatterer [3,

p. 57]. To model a surface scatterer, many parts in the previously described deriva-
tion are still relevant. Let the backscattered power density described by Equation
(2.7) instead be described as a sum of di erential areads. Mathematically, the
RCS and antenna gain are described as = °(f) and G = G(*). Where the
normalized backscatter coe cient is de ned as ° = d =dS".

The All1l sensor uses a folded dipole antenna [13]. For simplicity we approximate
the antenna gain to be constanG, between the half power beam width (HPBW)
angles. The HPBW angles are in this case denoted by subscript 1 and 2 for the
azimuth angle' and elevation angle of a spherical coordinate system centered at
the antenna. Here, ; & ' , represents the 3 dB angles in the E-plane and & »

in the H-plane.

The backscattered power given a di erential areals® can, with the new alterations
(as compared to Equation (2.8)) for a surface scatterer, be described as

2 2
dpP,(r) = Wgsdsg (2.9)

[15]. Figure 2.4 depicts ve incident rays and how they are or might be scattered
depending on the roughness of the surface. To the left, 2.4 depicts specular re ection
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2. Model of Experiment

(i.e mirror-like re ection) where the scattering angle s is equal to the incident angle

i for all rays incident on the scattering surface. To the right di use re ection is
depicted by scattered rays that spread in di erent directions due to the local surface
variations of a rough surface.

Figure 2.4: Example of specular and di use scattering

One way to model a perfectly di use surface is to use Lambert's cosine law [16].
Lambert's cosine law states that the normalized backscatter coe cient can be de-
scribed as:

°= 9cos;cos s = fBackscattering: s= jg= Jcog ; (2.10)

To derive an estimate of the received power, the geometry must be known. Therefore,
a simple geometry is derived based on the measuring platform. The radar sensor
Is mounted at an elevated position with the ground as a reference, let the radar's
position be the origin. To use the sensor for surface classi cation, it is tilted with an
angle towards the surface to illuminate an area, which is indicated by the yellow
disk in Figure 2.5. The size of the disk is modeled using the HPBW of the radar. The
measurement setup allows for manipulation of height and angle which combined
with the HPBW angles are enough to determine the remaining quantities given in
the gure.
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Figure 2.5: Fundamental geometry used to derive the scattered power from a
surface

The full derivation for received power is given in appendix A and the result is

P °G§ o , D2 1 1
3 2 1 h 2 2)2 2 ne -
4) (ri+h2)2  (r5+ h?)

P, = (2.11)

2.2.3 Special Cases Based on Lambertian Scattering

Equation (2.11) can further be divided into two special cases.
Special case 1

For special case 1, let an omnidirectional radar illuminate an in nite plane, i.e.
ri=0,r!11 ,'1=Oand'2=2

By incorporation of the parameters in Equation (2.11), it can be derived that the
received power is proportional tch 2;

PG 28, 1
=_—2_0; = 2.12
& 8(4 )3h2/ h2 (2.12)

Special case 2

For special case 2, consider a situation where only a nite portion of the plane that
is illuminated, which subsequently means that, is nite. The recieved power is

10
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then given by

P. °G§ § _ 1
8(4 )3h? 1+ (rp=h)?
Ifh ry, =) P/ 1=h*

(2.13)

2.3 Modeling of Important Materials and Re ec-
tion from Surfaces

Re ection is, in the case of surface classi cation, a way to relate the incident radar

waves to the re ected waves. Re ection is caused when the radar waves interact
with dielectrics or other materials [14, Ch. 5]. A material can be characterised by

the wave impedance [14, Sec 2.4] and it is related to electric permittivity.

From such material parameters it is possible to derive the ratio of re ected power in
relation to incident power, where such derivations yield particularly simple expres-
sions for an incident plane wave [17].

2.3.1 Dielectric Properties of Materials

The permittivity is the measure of the electric polarizability of a material [18]. A
dielectric with high permittivity polarizes more easily in response to an electric eld.
The permittivity is denoted by [F/m]. The permittivity for a linear, homogeneous
and isotropic material can be described by a scalar that is constant in space. For a
dispersive material, the scalar, is a frequency-dependant complex number [14, pp.
4-25]. The real part {!) of the permittivity corresponds to the ability to store
electric energy. Furthermore, the imaginary part °¢! ), corresponds to the process
of dissipating energy in the form of heat. The permittivity is usually expressed
as two factors: the rst is vacuum permittivity o; and the second is the relative
permittivity . Thus, we have the permittivity as

= o= Y1) %) (2.14)

From the dielectric properties, it is possible to de ne what is known as wave impedance.
Wave impedance is de ned [14, Sec. 2.4] as the square rqqom‘ the ratio between

magnetic permeability and electric permittivity ,i.e. = = . Here, we con-
sider only non-magnetic mediums with = =4 10 7 H/m.

The relative permittivity can be used to distinguish one material from another and
therefore only relative permittivity will be discussed in the following.

2.3.2 Propagation Constant

To describe a wave propagating in a medium, the propagation constant contributes
features that describe attenuation and phase. Instead of describing attenuation and

11
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phase as separate entities, they are merged into the propagation constant This
results in a complex number
= +j; (2.15)

as described in [14, p. 55]. Here, is the attenuation constant and is the phase
constant. It was previously stated that permittivity is analogous to storing and
dissipating electric energy. Therefore must be closely related to . The relation
between and is given by (2.16) and (2.17) [19, Eqg. 1.86].

r

T ——————
0y 1+(0&92 1 (2.16)

N‘ﬁi._

r
|

T
=|5%§ 0y 14(%%92+1 (2.17)

The wavelength of a time harmonic wave is, according to [14, Sec. 2.2], directly

related the phase constant by 5

Another useful metric is the penetration depth. Penetration depth is de ned as the
distancel required for the amplitude of an electromagnetic wave to decay by a factor
of e 1 or 37 % [14, p. 58]. Penetration depth is calculated asl= .

2.3.3 Water and Its Re ective Characteristics

One substance of particular interest in the context of road surface classi cation is
water in its solid and liquid phases. In this section, the re ective characteristics of
water are modelled by permittivity and penetration depth. For liquid water, the
Debye model can be used to model the permittivity [20].

Experiments carried out by P. Lunkenheimer et al. [20] show that, when the fre-
quency is approximately 60 GHz and the temperatures 1-3C, the real part of the
relative permittivity for water is approximately 10-12 and the imaginary part is
roughly 20. The data presented by P. Lunkenheimer et al. is veri ed by the Debye
model, as their data closely correlates with the predictions made by the model [20].
The Debye model is de ned as

S S - S I
e AT O e

where ; denotes the optical limit, s denotes the static permitivity and o the
relaxation time for the molecule [21]. The relaxation time for liquid water is ap-
proximated as
_4vL?®
07 kT
wherev denotes the viscosityL the molecular radius,k Boltzmann's constant and
T the temperature in Kelvin [21, p. 92].

(2.19)
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The Debye model has been plotted in Figure 2.6 using the following values [22]:

< =87:9 k=1:38 10 2 J=K - 275 A
1 =49 T=290 15°K v =1:5182 10 3Pas

Figure 2.6: The real and imaginary part of the realtive permittivity as a function
of frequency, derived using the Debye model

In Figure 2.6 the real part of the relative permittivity has a value of roughly 4
and the imaginary part a value of approximately 2. This di ers from the values by
Lunkenheimer et. al due to a slightly di erent value of . Since the Debye model
is not linear, small alterations of 3 can cause large variations in the permittivity.

The real part of the relative permittivity acquired by [20] is further in good agree-
ment with the measured relative dielectric constant of water presented by Acconeer
[11], which is ©=11:1 at 60 GHz.

Using 2 =11:1and %= 20, the penetration depth of water isl = 0:2mm according
to Equation (2.16).

13
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2.3.4 Other Materials of Interest near 60 GHz

Table 2.1 presents a summary of the relative permittivity for the speci ¢ materials
presented in this thesis. It is of interest to present an approximate relative permit-
tivity based on values that are presented for nearby frequencies. The penetration
depth | has been calculated as= where is calculated using Equation (2.16).

Material 0 9 | Freq. [GHZz] | [m]
Asphalt [9] 6 0 76 -
Ice [9] 3.05 | 0.004 76 0.35
Dry snow[21]| 1-3 - Above 1 MHz -
Water [20] | 10-12] 20 60 2 104

Table 2.1: Summary of relative permittivities and penetration depths for relevant
materials

The real part of the relative permittivity for snow has been shown to be largely
frequency independent above 1 MHz [21]. Given that this is not the case for ice
nor water, the reliability of this information can be discussed. However, the relative
permittivity is dependent on the density of the snow. The values in Table 2.1
have been measured at 9 GHz and densities ranging frddii  1g cm 2 for dry
snow. Data for the imaginary part of the relative permittivity has not been found.
Neither has the relative permittivity for wet snow, meaning snow close t6°C with

a percentage of liquid water present, been found for the relevant frequencies [21].
However, research done at 3-18 and 37 GHz show that the value of both the real
and imaginary part of the relative permittivity increases with higher liquid water
content. Data from the research done by Hallikainen et al.[23], indicates that wet
snow closely follows the dispersion behavior of water.

2.3.5 Re ection from Surfaces

Rayleigh Criterion

Whether a surface is considered rough or smooth is a relative concept [24]. The
surface's roughness is closely related to the wavelengthof the transmitted wave
and the incident angle . One criterion that can be used to determine whether the
surface is rough or not is Rayleigh's criterion [24]. Rayleigh's criterion is formulated
as

h°>

: 2.2
8cos ’ (2.20)

whereh®represents the mean height variation of the material. The surface is consid-
ered rough if the inequality in Equation (2.20) is evaluated to true. If the inequality
IS evaluated to false the surface is considered smooth.
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Dielectric Half-Space with Planar Interface

Let the rst assumption be that all materials are smooth, linear, homogeneous,
and isotropic. This assumption allows for a deterministic derivation that describes
electromagnetic wave interaction with materials. In the context of material classi -
cation, it is of interest to study how a material a ects the incident electromagnetic
wave. One way to describe this is by studying the re ected wave in relation to
the incident wave. The re ection coe cient is such a measure that relates the
re ected wave in terms of the incident wave [14, Ch. 5]. Furthermore the re ected
power ps is directly related to and the transmitted powerp, as [17].

Ps= | i°pt (2.21)

For a non-magnetic medium, wave impedance reduces to

= p—; (2.22)

r

where , represents the wave impedance of vacuum.

For the simple case of an in nitely thick dielectric, an incident wave can either be
re ected or transmitted. The transmitted wave is expected to never be re ected
since the material is in nitely thick. This special case is described by the Fresnel
coe cients [14, Sec. 7.3] and for normal incidence the are given by

1= =2 (2.23)

where ; represents the re ection coe cient if the incident wave travels from left to
right as portrayed by E; in gure 2.7.

Dielectric Slab with Planar Interfaces

According to [14, Sec. 5.4], the re ection coe cient for a single dielectric slab
is calculated as a function of the material's wave impedance, propagation constant,
and thickness. The full derivation of Equation (2.24) is left out of the report but is
fully derived in [14, Sec. 5.1-5.4], resulting in

o+ zejllll
15 T4 TSRECE (2.24)

To better understand Equation (2.24), Figure 2.7 depicts a single dielectric slab

with elementary re ection coe cients ,, ; and the corresponding transmission

coecients ,, 1. a, pand ;represents the wave impedance's of the mediums.
1, 2. s and  represent the re ection coe cients from di erent directions.
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Figure 2.7: Incident eld and re ecting electric elds

The aforementioned re ection and transmission parameters are calculated below [14,
p. 164]. The exception is since this is the factor that is of interest to predict.

1 a
0 _
a=— 1= +

0 a 1 a

_ b 1

_ 0 2=
1= — bt 1

01
b= 0 1=1+

0b =1+ (2.25)

The reason for introducing re ection as a part of the propagation section can now be
better understood. Wave impedance for many materials has already been researched
for a wide range of frequencies. The data presented in Section 2.3.4 allows for
predictions regarding the amount of re ected power before any measurements have
taken place. Previously, the model only considered geometry and material structure
but not the electromagnetic properties of the material.

One possible way to simplify the re ection of the dielectric slab would be to inves-
tigate the penetration depth of the material [14, pp. 58]. If the penetration depth
of the materiall |, then a good approximation will be to set , = 0 because the
magnitude of the incident electric eldE,. can be assumed to be close to zero. The

special case for, = 0 then reduces Equation (2.24) to
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1= 1 (2.26)
which is equivalent to that of the dielectric half space.

Rough Surfaces

As presented in Section 2.2.2, one way to model a rough surface is to do so using
Lambert's cosine law. In reality, most surfaces can not be described as perfectly
smooth or perfectly rough. A surface may be possible to model as locally smooth
but when observed from a distance the surface may look rough. For instance, a
water surface may look smooth when observed closely, but when observed from
a distance may look wavy. Other imperfections found in real-world materials are
inhomogeneities and pollution by other materials. For instance, in the case of snow,
ice crystals are randomly distributed, air cavities may occur, liquid water may be
present and other molecules may pollute. These impurities make the problem much
harder to model. The presented methods for re ection from surfaces serve the
purpose of being informative rather than a good model for the application considered
in this report. The imperfections that are hard to model are instead left for the
machine learning algorithm to manage.
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Data Acquisition

This chapter describes the platform and method used for acquiring the data from the
target surfaces. The surfaces, sites, and measurement campaigns are also presented.

3.1 Platform

Data from di erent surfaces are needed in quantity and quality, for both validating
the radar equipment and the machine learning objectives. High-quality data is
unbiased to the observed surfaces and su ciently free from noise. For this, a data
acquisition platform capable of collecting volumes of reproducible data in motion is
constructed.

3.1.1 Remote-Controlled Car

To achieve constant velocity while collecting data, the car's throttle is controlled by
a feedback loop. An encoder is placed on the drivetrain of the car to measure the
speed. An Arduino Uno is used as a controller and is con gured as a proportional-
integral regulator. The Arduino communicates with the electronic speed controller
(ESC) through pulse-width modulation (PWM). The ESC feeds the required voltage
to the direct current motor concerning the received PWM signal. In total, the car
is controlled by two inputs: throttle, and steering. The throttle is controlled by the
feedback loop and steering is a manual input from the external remote.

Figure 3.1: Feedback loop of car's throttle

In Figure 3.1, eis the error signal which is the di erence between the target and the
output velocity. The voltage supplied to the motor from the ESC is denoted and
v is the interference that arises from resisting forces on the car.
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Large areas with uniform surfaces are di cult to come by, which entails that it is
necessary to come up with a driving path to be able to measure surfaces in limited
areas. One alternative is to drive the car in a circle. A drawback of driving in
circles is that there will be a speed di erential between the inside and outside of the
illuminated area. This di erential can be reduced simply by increasing the radius of
the turn. However, then a larger area to measure is needed. Another alternative is
to measure the surface driving straight and then turning back and forth, measuring
the surface from both directions multiple times. The advantage of this strategy is
that it avoids measuring while the car is turning and is more exible to obstructions
on di erent measurement sites. An essential part of this strategy is to drive the
car at a low speed, so that the straight driving path does not become too long.
Therefore, the constant speed of the car was set to 5 km/h.

Vibrations can arise both from the drivetrain and the motor, as well as from the
surface structure itself. The car is equipped with four suspension springs, one for
each wheel. Due to the additional weight from the added equipment on the car, the
springs need more tension to not bottom out from the weight of the platform. This
is solved by compressing the springs by putting spacers on the suspension body.

The suspension could be bene cial for measuring rougher surfaces. All measure-
ments performed in this project are performed on relatively smooth surfaces. It can
be assumed that the vibrations are of negligible amplitude and will not substantially

a ect the measurement.

3.1.2 Radar Installation

For the radar installation, a frame is 3D-printed and attached to the car, see Figure
3.2. On this platform, the radar is attached to an angled mount so that = 30° and
h =12 cm as illustrated in Figure 3.3.

Figure 3.2: The moving platform Figure 3.3: Geometry of radar setup

The radar is connected to a Raspberry Pi 3. The Raspberry Pi hosts a Wi-Fi
network through which it is connected to a computer. The separate computer then
starts and runs the program for collecting data. This allows the data to be collected
by the RC car and simultaneously be stored on the computer.
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3.1.3 Radar Settings

To con gure the settings of the radar to suit the application of surface recognition,
some parameters are of particular concern. Settings with greater importance in-
clude pulse duration, sampling frequency, signal averaging, distance interval, and
which type of service to choose. Other settings are left at default values set by the
manufacturer.

First of all, it is necessary to decide what type of service to use. There are four
options for the Acconeer radar; power bins, envelope, 1Q, and sparse [11]. The IQ
service provides data in the closest form to raw data with both phase and amplitude
information. When analyzing the stationary measurements, the 1Q service is used
to inspect the phase information as well as the amplitude information. Since the
envelope service does not collect phase information, the envelope service can be
used with a higher sampling frequency than the IQ service, due to the lower data
bandwidth. Seeing that there is no use of phase information in the feature extraction
process, and since a high update rate is desirable, the envelope service is selected.

The pulse duration, which is determined by the pro le setting, is a trade-o0 between
depth resolution and SNR which is described in Section 2.1. It is highly undesirable
to have direct leakage a ecting the measurement. Direct leakage is when a portion
of the transmitted radar pulse travels directly to the receiving antenna without
re ecting o of an object. In Acconeer's documentation [11], Table 4 displays direct
leakages for di erent pro le settings. Since the radar is located 12cm above the
ground, all pro les except pro le 1 will a ect the measurement data. Hence, pro le

1 is selected.

The hardware accelerated average samples (HWAAS) controls the number of pulses
used to build one data point [11]. For instance, if HWAAS is set to 10, it means
that every data frame is built from 10 data frames averaged together.

The range interval for which the radar listens to the received echo is set to the interval
from 10cm to 42 cm. The upper limit is set as it was seen from previous experiments
that the signal received after 42 cm is practically indistinguishable between surfaces.
The lower limit was set due to the Acconeer-recommended lowest range start for
pro le 1 to avoid direct leakage [11].

The sampling frequency, also called the update rate, determines at which frequency
the system produces new data frames. A greater sampling frequency is desirable
since the system gathers more data points and thus more information about the
surface. However, due to limitations of the system, the maximum sampling rate is
determined by the signal averaging, pro le, distance interval, and service settings.
[11]. After testing several di erent frequencies, the sampling frequency was set to
320 Hz since this was the highest frequency of which the data collection resulted in
an insigni cant amount of missed frames.
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Service | Update rate [Hz] HWAAS | Prole | Range interval [cm]
Envelope 320 10 1 10-42

Table 3.1: Table of radar settings con guration for the moving platform

3.2 Campaigns

In this section, each campaign and stage of data acquisition is described through its
site and surface conditions. All data from the di erent campaigns can be found on
the project's repository on GitHub?

3.2.1 Description of Measurement Sites

Pictures of each site can be found in appendix B.

Site Surface Estimated
Site type variations | Comment
nr. type
[mm]
1 Parking lot Asphalt | 1-3 ST”OO”‘ asp'hallt
with few variations.
5 Car road Asphalt | 1 The smoot.hest'asphglt surface
measured in this project.
3 Loading lot Asphalt | 2-6 Q.u'te rou.gh asphalt L
with relatively large variations.
4 Pedestrian road| Asphalt | 1-3 Rqad with
quite smooth surface.
Road with

5 Pedestrian road| Asphalt | 2-6 :
quite rough surface.

This is the roughest
asphalt surface measured.
The snow/ice surface on this

6 Pedestrian road| Asphalt | 3-7

7 Indp_or skiing Snow/Ice | 10 site is further explained
facility . .
in the next section.
3 Kitchen Metal <01 Smooth met_al _surface
counter top with few variations.

Table 3.2: Summary of measurement sites

Lhttps://github.com/maxijohansson/kandidatarbete-eenx15-20-03
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3.2.2 Surface Conditions

The three surface conditions examined in this thesis are described here.

Dry: The surface is in a dry state when measured on, with little dirt or other
disturbances in the way.

Wet: The data is acquired from a surface with a thin water layer.

Snow: The data is acquired at an indoor skiing facility where the ground is covered
in loose "snow". This snow is created by using a large machine to crush ice. This is
therefore not natural snow, but rather ice of a similar structure.

3.2.3 Summary of Campaigns

During campaign 1, the goal is to collect stationary data which is used to test the
radar parameters and the measurement setup. Noise and direct leakage data are
examined by pointing the radar towards the sky and measuring unobstructed space.
A stationary platform is then used to collect data for a metal surface, dry asphalt
and wet asphalt for comparison. The metal surface data is also used to examine the
in uence of di erent angles and heights of the radar.

During campaign 2, data is acquired while moving for dry and wet asphalt from six
di erent locations using the platform described in Section 3.1. Data is rst collected
at the site while the asphalt is dry and then with a thin layer of water on the same
surface. The campaign aims to build a data set for the machine learning tasks

During campaign 3, data is collected on snow. This data is used to further expand
the data set.

Site | Surface conditions | Drive path and velocity
Campaign 1 | 1 & 8 | dry, wet Stationary measurments
Straight line at constant
velocity of 1.4m/s
Straight line at constant
velocity of 1.4m/s

Campaign 2 | 1-6 dry, wet

Campaign 3 | 7 snow

Table 3.3: Summary of campaigns
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Data Pipeline

This chapter describes the process that transforms raw data from the radar equipment
to machine learning-ready input. Preprocessing refers to the operations performed
on the data in order to clean and reduce it. Feature extraction is the process of
creating representations of the data that machine learning algorithms can train and

predict with. Three methods for feature extraction will be presented.

4.1 Data Representation

The process of collecting data with the envelope service essentially involves mea-
suring the re ected radar signal in two di erent time scales. The slow-time scale

is what produces each frame, or raw data point. Each frame, in turn, consists of a
number of samples in the fast-time scale at small time delays. Time delays in this
sense are synonymous with distance steps and can be seen as each frame's observed
variables.

In this chapter, a collected data matrixD with M frames can be described with the
processy (n) wheren is the slow-time index for each frame. Each frame consists of
T fast-time samples.

2y > 2y
BBl
YT yr

After preprocessing and feature extraction, feature vectors(n) are produced cor-
responding to slow-time frame®. The frequency at which these feature vectors can
be produced constitutes the classi cation rate and depends on parameters during
feature extraction. The classi cation rate is the rate at which new predictions can
be produced by the machine learning model.
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4.2 Analysis

Before transforming data and creating features, analysis can help determine if the
data is of high quality and what information can be extracted from the data. This
can involve visual tools such as graphing the acquired data or more quantitative
statistical methods.

A simple way to analyze a dataset is to calculate the mean of each variable over
the observations. Ify$(n) describes each data point when measurirlg slow-time
frames from a surfaces, then the mean vector is

o= 1Yy, (4.2
M n=1
A set of observations can also be characterized with the covariance matrix:

W
es= 1 T ysny Ays(m) AT .3)
=1

M 1

n

The distance between two surfaces' mean vectors along with each class's average
standard deviation can indicate how linearly separable they are with the observed
variables. The distance between classesand s; is the Euclidean distance

Dy =i~ " (4.4)

The diagonal of the covariance matrix contains each variable's individual variance,
and the standard deviation of a variable is the square root of its variance. Therefore,
the average standard deviation can be derived as

o= G (4.5)

4.3 Preprocessing

Preprocessing is an important step before feature extraction. The raw data re-
trieved from the radar unit often contains redundant information along with noise.
Preprocessing is therefore about cleaning and reducing the amount of data needed
to represent the desired information.

The radar by default has a distance resolution in fast-time of approximately.48 mm
This resolution may not be necessary with certain methods of feature extraction and
can potentially produce a large number of features, thereby increasing the need for
computation and memory resources. Downsampling by a factbr can be expressed
as

ydn) = Yo (n) (4.6)
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Wherey;(n) is the value of indext in frame y(n). The amount of fast-time samples
after downsampling is thereforenygs = T=D. Choosing the amount of downsampling
should be done as to not lose the information needed for classifying the surfaces. If
the signal to be downsampled contains periodic characteristics, such as peaks at even
intervals, then one could consider the Nyquist frequency, which in this case is half of
the downsampling frequency. Any periodic information above the Nyquist frequency
would be subject to aliasing. If the signal does not contain periodic components,
then di erent downsampling factors can be tested to see how the separation or
classi cation accuracy is a ected.

4.4 Feature Extraction

When a data point is used as input to a machine learning algorithm, it is represented
by its feature vector. Creating a feature vectof (n) involves translating the observed
variables to features through feature extraction. The variables if (n) are known
as features.

4.4.1 Moving Average of Amplitude

This feature extraction method involves characterizing data by its amplitude at fast-
time intervals. By averaging a number of slow-time frames, noise and variance can
be suppressed at the cost of latency in classi cation. The moving average feature
vector overN frames before slow-time index is

— 1 ,X H .
fm=o v @7
i=0

The number of features is therefore equal to the number of input variables.

4.4.2 Periodic Average of Amplitude

The moving average feature extraction method results in one feature vector for every
slow-time frame, with exception for the rst N 1 frames. Each feature vector
contains information about the most recent feature vectors in slow-time. Another
method of feature extraction would be downsampling the moving average by a factor
N. This would mean that every feature vector contains information about frames
not present in any other feature vector.
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Figure 4.1: The periodic average feature extraction method functions like the mov-
ing average, but one feature vector is created evely frames. The gure illustrates
this with N = 3.

4.4.3 Autocovariance

The autocovariance function ACF is a special case of the covariance function [25]
used for analyzing time series. In probability, covariance is a way to measure how
two variables change together. The covariance function is de ned for two stochastic
variables,X andY, as:

cov(X;Y)= E[(X E[X](Y E[YDL (4.8)

whereE denotes the expected value of a random variable.

The ACF is a special case of the covariance function, wheke = Y, that gives
the covariance of the process itself but at di erent pairs of time points [26]. If the
data from the radar measurements are treated as stochastic, then a method for
investigating time-domain dependencies is the ACF. A stochastic process is said to
be wide-sense stationary (WSS) if the auto-covariance does not vary with respect
to time, the mean of the process is constant, and that the variance of the process is
nite. Usually, for a WSS stochastic process;, the auto-covariance of, is de ned

as

ry(K) =covly;y: «l= E[(Ye )V« )] (4.9)

where (:)T denotes the transpose and, is the mean value ofy. The variable k
denotes the time-lag in discrete time indices, which de nes how much the process is
shifted with respect to itself.

In the case of only a single realization of a procegs an estimation of the ACF is
usually used [26]. One reason for calculating an estimation of the ACF is that the
population mean is usually unknown and therefore an estimation of the mean for
the samples is used. Normally, there are two ways to estimate the ACF, a biased
and an unbiased estimate [26]. Consider the unbiased ACF estimate

1

(k) = N Kk

e )« Ay)T; (4.10)

n=k+1

where #y is the estimated mean value of procesg and N denotes the number of
included data points in the calculation. This estimation of autocovariance is quite
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4. Data Pipeline

accurate for lower orders of time-lags; a rule of thumb is to limit the calculations to
N=4 time-lags [26]. Equation (4.10) is then slightly modi ed to better describe the
use of the data representation introduced earlier in the chapter and the format of
features. For a slow-time framen, an autocovariance vector for lag over theN k
most recent frames can be formed as

Nxk 1
(y(n i) "y k i) ")k (4.11)

i=0

ry(n; k) = N K

Where *, is the estimated mean of theN most recent frames of the process, namely:

1%t

My(n) = N .,

y(n i) (4.12)

To construct the feature vector corresponding to a slow-time frama, (4.11) is
applied to the frame for each lacgk : 0 k q. This is done for everyN :th frame,
much like as in Figure 4.1, so that the feature vectors are all based on di erent
frames.

f (n) =[ry(n; 0); Ay (n; 1); 251 (n; @) (4.13)

Each of the vectorsr, in f are concatenated so thaf is a vector of lengthTq
whereT is the number of fast-time samples and is the number of lags used.
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Machine Learning Algorithms

In this chapter, the machine learning algorithms used in this project are presented.
Also, the process for developing and evaluating a machine learning model is de-
scribed.

5.1 Overview of Algorithms

This project focuses on three common classi cation algorithms: support vector ma-
chine (SVM), random forest (RF) and neural network (NN). Emphasis is placed on
the Scikit-learn library for Python [27], since it is used for implementation.

5.1.1 Support Vector Machine

Support vector machines are a commonly used classi er that can be either linear or
nonlinear [28, pp. 153-162]. The goal of a SVM is to nd a separating hyperplane
that maximizes the distance between itself and the nearest training instances, where
training instances in di erent classes are located on di erent sides of the hyperplane.
This concept is illustrated in Figure 5.1.

Figure 5.1: A support vector machine algorithm aims to nd a decision boundary
that maximizes the distance between itself and a number of observations in each
class.
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In many cases, data is not linearly separable such as in Figure 5.1. For such situ-
ations, the model can benet from a kernel trick [28, pp. 157-158]. A kernel trick
achieves the e ect of mapping the data to a higher-dimensional feature space, with-
out actually having to calculate transformations on the input vectors [29]. A com-
mon kernel besides the linear one, which produces linear decision boundaries, is the
radial basis function (RBF). The math behind the SVM algorithm and its kernels
are beyond the scope of this project, but some important parameters can be ex-
plained intuitively. The gammaarameter in Scikit-learn's implementation is part of
the kernel function and sets the in uence that each data point has on the algorithm.
A high gammauvill result in decision boundaries highly a ected by variance in the
data set, in other words increasing the risk of over tting. A lowgammamnay not

be able to capture the complexity in the data. TheC parameter can be used to
nd a trade-o between high classi cation accuracy during training and a simple,
high-margin decision boundary [30]. The margin can be thought of as the width of
the separating zone in Figure 5.1.

5.1.2 Random Forest

Random forests are built up by relatively simple and intuitive decision trees. A
decision tree is formed by asking a series of questions, typically whether a class is
more likely to be on one side or another of a one-dimensional decision boundary.
These questions and answers are structured in a tree, forming paths from the root
node ( rst question) down to the the leaves (the predictions). In Scikit-learn, the
classi cation and regression trees (CART) algorithm is used for this task, which
only results in binary trees with true or false questions [28, pp. 175-179]. One of the
most important hyperparameters for a decision tree is its maximum depth, which
relates to the maximum number of allowed nodes on a path from the root node to a
leaf. Decreasing thanax_depthparameter restrains the decision tree, reducing the
risk for over tting [28, pp. 175-179].

Figure 5.2: A simpli ed example of a decision tree for classifying classes of animals

A random forest uses multiple decision tree classi ers applied to samples of the
training data [31]. This improves accuracy and reduces over tting from a single
decision tree [28]. The Scikit-learn library implements random forests by ensembling
its decision tree classi ers [31]. The number of single decision trees is set by the
hyperparametern_estimators .
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The main hyperparameters to be optimized for random forests are estimators
and max_depth Other parameters can be found on Scikit-learn's reference page
[31].

5.1.3 Neural Network

Neural networks are inspired and built upon the basic understanding and principles
of the human brain. The nodes in the network roughly compare to neurons and the
connections between nodes correspond to synapses in the brain [32]. A feed-forward
neural network contains one input, one output layer and a number of hidden layers.
In Figure 5.3, a neural network with one hidden layer is demonstrated.

Figure 5.3: A feed-forward neural network consisting of one hidden layer and
hidden nodes.

Equation (5.1) illustrates how the rst layer of the neural network can be derived
by multiplying the input layer and its weights.

2 (1> 2 Wl Wl (1)32 (0)
21 ..
(1) (1) WD (1) (0)
x® = _22 (5.1)
1 WD D 0
gn) 1m W2m WI(IJT.’EI §1)

In Equation (5.1), a simple matrix-vector product is carried out, which is a linear
operation. For the neural network to be able to solve non-linear problems, it is
necessary to use an activation function, callefj that adds a non-linear property to
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the model [33]. Arguably the most commonly used activation function is the recti ed
linear unit (ReLU). Mathematically, it is expressed asf (xi(j)) = max(O;xi(”). Due
to its simplicity, it is highly e cient to compute which is the reason why it is used
in this project. Also, a bias term is added. The purpose of the bias term is to shift
the output of the activation function to a higher or lower value.

The output of the model can now be expressed as

2 3
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Neural networks are commonly used for both supervised learning as well as unsu-
pervised learning. In this project supervised learning will be used, meaning that the
neural network model will learn to classify surfaces from labeled datasets through
backpropagation. Backpropagation is an algorithm that is regularly used for train-
ing neural networks. The backpropagation algorithm is used to minimize the cost
function with respect to weights and biases of the connections and nodes. This is
accomplished by nding a local minimum by following the negative direction of the
gradient of the cost function, hence this procedure is called gradient descent [34]. A
more detailed description of backpropagation is provided in Ref. [35, Ch. 7].

A neural network is tremendously customizable and the output of the network will
vary depending on its hyperparameters. Hyperparameters such as the number of
hidden layers, hidden nodes, the value of the regularization parameter, and also the
value of the learning rate are considered and tested. More information about the
hyperparameters can be found in Ref. [27], [36], [37].

5.2 Model Development Process

The development of a model often involves training and evaluating the data on
several dierent models in order to decide which variants are the most suitable.
This can be achieved by varying the parameters and using the data in various ways
[28, p. 75-80]. This can be a tedious task, but fortunately the Scikit-learn library for
Python contains many tools for handling data and building and evaluating machine
learning models [27], [28].
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Figure 5.4: A general machine learning process

5.2.1 Partitioning of Data

For machine learning tasks, data is commonly partitioned for training, validation
and testing. Validation data is used to nd the optimal hyperparameters for training
the model. Testing data is left unseen to the model until its nal evaluation. By
setting aside testing data that never has an impact on the creation or tuning of the
model, nal evaluation can be performed objectively and over tting can be detected.

The rst step of partitioning data is to set aside data for the testing set. For this
study, since two of the surfaces (dry asphalt and wet asphalt) are acquired in equal
amounts from di erent sites, an equal amount of testing data is taken from each
site. The snow data is partitioned arbitrarily since it is all collected from the same
location. The training set, consisting of 80% of the data, is then in turn partitioned
to produce validation data used for tuning the hyperparameters.

Figure 5.5: 20% of the data is set aside for the testing set. These 20% are chosen
so that the sites for the site-speci c classes are represented equally in both training
and testing.

Many algorithms assume that the data is centered around zero and that the values
are near-zero [27]. Therefore, before training and testing, the data is scaled to the
interval [ 1;1]. This is done with Scikit-learn'sMinMaxScaler.
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5.2.2 Hyperparameter Tuning

The hyperparameters in machine learning algorithms are parameters that remain
constant during a training session but can be varied to improve the performance
of the trained model. To nd an optimized combination of these parameters, grid
search with cross-validation is commonly used. Grid search involves training with
all the possible relevant combinations of parameters and evaluating the model after
each parameter combination. The combination that yields the highest accuracy upon
evaluation is then chosen for further usage. The evaluation during a grid search can
be performed byk-fold cross-validation, where the data is iteratively trained and
evaluated on di erent partitions of validation data, as described in Figure 5.6.

Figure 5.6: k-fold cross-validation trains with % of the training data and validates
on the remaining%. An average of the performance of each of tHetrain-validate
cycles is produced as the total performance for each parameter combination in the
grid search.

Scikit-learn provides the classGridSearchCV, which performs grid search and nds
the optimal parameter combination with a given space of parameter§&ridSearchCV
also implements strati ed k-fold cross-validation as default. Strati ed means that
the algorithm tries to represent each class equally when partitioning the validation
data [27].

5.2.3 Model Evaluation

Evaluating the model may seem straight-forward, but can be done in many ways.
The most obvious is perhaps to evaluate the model on the testing set that has
been set aside earlier. Since both training and hyperparameter optimization is done
with the training set, the testing set has had no in uence on the model. A poor
performance on this unseen testing set would indicate over tting, meaning that
the model or its hyperparameters are speci cally tailored for the training set. The
drawback of this method is that it only trains and tests on portions of the data.
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Figure 5.7: Evaluating the model on the data that was set aside before the con-
struction of the model will give a result that reveals eventual over tting, but is
limiting due to the relatively small size of the testing set.

Another evaluation method isk-fold cross-validation with all available data. This
would allow training and testing using all of the data in separate iterations of par-
titioning. Unlike evaluating with the virgin testing set, this method is likely to be
oblivious to over tting since it tests with data that has in uenced the model.

Figure 5.8: k-fold cross-validation will allow testing on, in total, a large number
of data points, but it would be somewhat oblivious to over tting. The order of the
data points is randomized.

Since this experiment collects data from di erent sites, it may also be interesting to
evaluate how well the model generalizes between sites. The two methods described
so far include data from each site in both the training and testing partitions. It is
therefore likely that data points in the testing set have very similar counterparts in
the training set. Maybe the data point taken directly before or after a given test
point is present in the training set, meaning that the surface structure is probably
very similar. Therefore, evaluating with a testing set that is sure to not be too
similar to any training data is important. To achieve this, the testing data can be
partitioned based on site, as in Figure 5.9. The class snow, where all data is collected
at the same location, would be distributed evenly among the partitions. In e ect,
this is similar to k-fold cross-validation, wherek is equal to the number of sites.

Figure 5.9: Evaluating iteratively with each site-based partition as the testing set
may reveal how well the model generalizes to classifying surfaces at unseen locations.
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Results

This chapter will present results from data acquisition, feature extraction and ma-
chine learning.

6.1 Initial Tests of the Radar

To evaluate and examine the behavior of Acconeer's A111 radar sensor, tests from a
stationary platform are conducted. This data is collected in campaign 1 as described
in Chapter 3.2. The amplitude on the y-axis in the following graphs is unitless,
likely because the radar performs normalization before producing the raw data.
Also, the standard deviation curves above and below the mean curves correspond
to the variability with respect to frames rather than features, where the variability

of features can be signi cantly reduced by increasing N.

6.1.1 Noise and Leakage Measurements

To measure the noise and leakage signal of the radar, data is acquired while the
radar is directed towards the sky with no nearby objects.

Theoretically, there should be no re ected signal when pointing the radar at the sky.
In Figure 6.1, it can be seen that there is a measured signal, which can be attributed
to leakage and noise. However, this signal is relatively low when compared to typical
measurements on asphalt.

6.1.2 Stationary Measurements

To further test the radar system, di erent stationary platform setups are examined
and compared.

Metal Surface

While gathering data on the metal surface at site 8, the radar sensor is mounted at
various heightsh and directed at various angles. The purpose of these measure-
ments is to evaluate the e ect the heighth and angle has on the resulting data,
and compare this to the model formulated in Chapter 2.
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Figure 6.1: Result from a measurement examining direct leakage and noise for
the A111 radar. Each curve represents 500 frames as a mean and an interval of two
standard deviations.

The radar waves exhibit specular re ection when re ected from a smooth metal

surface. The maximum amplitude for the measurements all occur at a distance
corresponding to the height underneath the radar. This is the distance to the area
of the surface closest to the radar and also where the angle of incidenc@°isThus

it is expected to receive the maximum re ected power from this area according to
Section (2.12).

The amplitude peaks forh = 17:8 cm and 335 cm are located near their respective
distances, but the peak foh = 26:5 cmis not located at the expected distance. This
may be due to a fault in the measurement process.

For the following statements it is assumed that the amplitude presented in Figure
6.2 corresponds to power. In Figure 6.2, the maximum amplitude at a height of
17.8cm is approximately 1500. The maximum power at a height of 33.5cm is at
approximately 300 and the maximum amplitude for 26.5 cm is at approximately 600.
This result is expected since the received power from the surface re ection decreases
with the square of the distanceh.

Figure 6.3 shows that the amplitude is greater when the radar is directed at a
lower angle. At both angles, the maximum received power responds to the power
re ected from the surface directly under the radar. At a higher radar tilt angle , the
transmitted power from the radar to the surface directly underneath will be lower,
as seen in Figure 2.5. This in turn results in a lower amplitude for the received
signal, which is con rmed by the results depicted in Figure 6.3.
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Figure 6.2: The height h of the radar is varied with the tilt angle xed at
45°. Each curve represents 500 frames as a mean and an interval of two standard
deviations. This data is from site 8.

Target Surfaces

Figure 6.4: The angle of the radar is30° and the height is 17.5cm. The data for
asphalt is from site 1, while the metal data is from site 8. The curves are an average
of 1500 frames each.

The maximum power for the three measurements occurs at approximately the same
height, which as previously explained corresponds to the e ect from the surface
directly beneath the radar. The highest amplitude occurs from the metal surface.

This is expected due to the surface being more re ective than the other two, as
discussed in Section 2.3.
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Figure 6.3: The tilt angle of the radar is varied with the height xed at 17:.8cm.
Each curve represents 500 frames as a mean and an interval of two standard devia-
tions. This data is from site 8.

6.2 Data-acquisition with Moving Platform

Measurement campaigns 2 and 3 are executed with the remote-controlled car as
described in Section 3.1. These campaigns contain 30 000 slow-time frames for each
type of surface; dry asphalt, wet asphalt and snow. Note that the envelope service
is used for the data collection, which is why there is a di erence compared to the
stationary measurements, where the 1Q service was used.

Figure 6.5: Each curve is an average of the 5000 frames collected on dry asphalt
at each location.
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Figure 6.6: Each curve is an average of the 5000 frames collected on wet asphalt
at each location.

Figure 6.7: Each curve is an average of the 30 000 frames collected from each
surface type.

As described in Section 3.2, the snow surface exhibits the greatest structural varia-
tions in the surface. The variations in asphalt are smaller, where the thin layer of
water reduces the variations further. This correlates with the curves for each surface
in Figure 6.7. The smoother the surface, the taller the amplitude peaks are. Curves
with the taller peaks also reach a lower amplitude at distances beyond their peaks.
At 25cm the smoother surfaces seem to backscatter less of the transmitted radar
signal.
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Autocovariance Comparison

Figure 6.8: Resulting autocovariance curves for the rst 6 time lags at fast-time
index 280, corresponding to approximately 25 cm. Each asphalt curve is calculated
from 5000 frames at a unique location. The snow curves are all from one location.

Figure 6.8 depicts the computed autocovariance for a single distance from the radar
where each line in the graph represents the result of 5000 frames from di erent sites.
The ACF produces di erent results for each xed distance from the radar (fast-time
index) included in the computation which means that similar graphs can be depicted
for each instance of distance but for simplicity only one is displayed.

In Figure 6.8, the same type of surfaces exhibit similar time-domain dependencies,
except the top curve which can be an outlier. The graph indicates that the di erent
surfaces can be separated in the case where the ACF is calculated for 500 slow-time
frames.

Mean-value Analysis

Distance to dry Distance to wet | Distance to snow S
Dry 0:00 79580 42033 15627
Wet 79580 0:00 118340 31787
Snow | 42033 118340 0:00 87.72

Table 6.1: The distance between each surfaces' amplitude mean-vectors and their
respective average standard deviations are shown as described in 4.2. The data is
downsampled to 20 fast-time samples.

The distances between the mean vectors of the surfaces are all greater than their
average standard deviations. This indicates that the collected data is separable at
least to some extent.
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6.3 Assessment of Feature Extraction

Grid search is used to nd the best combination ohys (number of fast-time sam-
ples after downsampling) andN (number of slow-time frames used to calculate each
feature vector) for each feature extraction method. Each combination is evaluated
with location-based cross-validation on a support vector machine with Scikit-learns
default parameters and the results are presented in Tables 6.2, 6.3 and 6.4. Here,
80% of the data is used sinc&0% is reserved as testing data for nal evaluation.
The performance measure is the mean percentage of correct classi cationgwo
standard deviations during cross-validation. The standard deviation gives an indi-
cation to how varied the results are. Since the data is not normally distributed, this
interval can add up to over100%

N =10 N =20 N =50

Ngs = 662 | 9858 2:82| 9936 1:03| 10000 0:00
Ngs =330 | 9868 2:45| 9936 1:02| 10000 0:00
Ngs =165 | 9878 2:36| 9937 1:02| 10000 0:00
Ngs =50 | 9875 2:59| 9950 0:74| 10000 0:00
Ngs =20 | 9885 2:55| 9969 0:48 | 10000 0:00

Table 6.2: Performance of moving average feature extraction for each parameter
combination

N =10 N =20 N =50

Ngs = 662 | 9842 3:10| 9950 1:14| 10000 0:00
Ngs =330 | 9825 3:57| 9950 1:14| 10000 0:00
Ngs = 165 | 9847 353 | 9950 1:14| 10000 0:00
Ngs =50 | 9889 2:42| 9958 0:66 | 10000 0:00
Ngs =20 | 9889 2:42| 9983 0:27| 10000 0:00

Table 6.3: Performance of periodic average feature extraction for each parameter
combination

N =10 N =20 N =50
Ngs =40 | 7947 560| 8594 4.2 | 9007 5.06
Ngs =20 | 7665 528 | 8439 6512|9049 565

Table 6.4: Performance of autocovariance feature extraction for each parameter
combination

The averaging feature extraction methods in Tables 6.2 and 6.3 perform much better
than autocovariance. With N = 50, they classify every instance in the validation
sets correctly. The chosen feature extraction method is periodic average, since it
generally performs better than moving average. Als®N = 20; ngs = 20 is chosen as
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the parameter combination to use for nal evaluation. This is because the accuracy
Is near-perfect, yet the classi cation rate is over twice as high d$ = 50.

6.4 Machine Learning Models and Parameters

The parameters are optimized for each machine learning model with grid search
as explained in Section 5.2.2. The training set consisting 80% of the total data

is used. The combination of parameters that results in the highest classi cation
accuracy with cross-validation is chosen as the best.

6.4.1 Support Vector Machine

The following parameter intervals were tested for the SVM algorithm:

C =[1, 10, 100, 1000]
gamma = [1,0.1,0.001,0.0001, 'scale’, 'auto’]
kernel = [linear’, 'rbf']

After performing a grid search evaluation of all parameter combinations above, the
highest accuracy was attained with the following parameters:

C =10
gamma = 0.001
kernel = 'rbf'

6.4.2 Random Forest

The following parameter intervals were tested for the random forest algorithm. The
min_samples_leaf parameter sets the minimum number of samples allowed in a leaf
node after splitting, the default is 1. Themin_samples_split sets the minimum
number of samples for a node to be split, the default is?2.

n_estimators = [100, 300, 500, 700, 1100, 1300]
max_depth = [10, 20, 30, 40, 50, None]
min_samples_split = [2, 5, 10]

min_samples_leaf = [1, 2, 4]

After performing a grid search evaluation of all parameter combinations above, the
highest accuracy was attained with the following parameters:

n_estimators = 700
max_depth = 20
min_samples_split = 5

1Reference for parameters and implementation with Scikit-learn:https:/scikit-learn.org/
stable/modules/generated/sklearn.svm.SVC.html

2Reference for parameters and implementation with Scikit-learn:https://scikit-learn.org/
stable/modules/generated/sklearn.ensemble.RandomForestClassifier.html
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min_samples_leaf = 2

6.4.3 Neural Network

These are the parameters that have been tested for the neural network algorithm.
For setting hidden_layer_sizes , (x,) denotes a single hidden layer wittx nodes?

solver = ['Ibfgs', 'adam’]

alpha = [1le-3, le-4, le-5]

hidden_layer_sizes = [(50,), (20,), (50,20), (100,), (20, 10)]
learning_rate = [‘constant’, 'adaptive’]

learning_rate_init = [le-2, le-3, le-4]

After performing a grid search evaluation of all parameter combinations above, the
highest accuracy was attained with the following parameters:

solver = 'adam'’

alpha = le-4
hidden_layer_sizes = (50,20)
learning_rate = ‘constant’
learning_rate_init = 1e-3

6.4.4 Evaluation of Models

The models are tested using the evaluation methods described in Section 5.2.3. The
tuned hyperparameters are used for each algorithm.

[%] SVM RF NN

Unseen testing set 10000 10000 10000
K-fold cross-validation, k=6 9993 0:19] 9990 0:45|9998 0:10
Site-based cross-validation 9980 0:46| 9973 0:85|9980 0:37

Table 6.5: The performance of each classi cation algorithm evaluated with three
methods.

All of the models perform close to 100%. The site-based classi cation does not per-
form much worse than the other methods, indicating that the models can generalize
well between di erent locations. The neural network performs with a slightly higher
accuracy and exhibits the lowest standard deviation of the cross-validation results.

3Reference for parameters and implementation with Scikit-learn:https://scikit-learn.org/
stable/modules/generated/sklearn.neural_network.MLPClassifier.html
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Discussion

This chapter will primarily re ect on the main ndings of research in terms of the
methodology in relation to the performance of the machine learning algorithms.

The nal classi cation results are much higher than expected. They are so high,
that at rst doubts were raised as to if there was a fault in the code handling the
data. The code was rewritten and di erent approaches to structuring the data were
tried. The partitioning and implementation of the algorithms were done in large
part independently by two people and yet the same results were attained. When
the procedure was found to be faultless, di erent evaluation methods were tried.
The evaluation methods, each designed to detect di erent aws, all gave a similar
picture. Perhaps the classi cation of these surfaces is a relatively easy task. After
all, simple methods such as mean vector analysis and observing the graphs show that
the data exhibits di erentiating characteristics between the surfaces. This indicates
that accurate classi cation should, in fact, be possible with the acquired data.

Since there are noticeable di erences in the asphalt at di erent sites, it would be
plausible that the trained algorithm may have a hard time generalizing between them
when evaluating with site-based cross-validation. While this evaluation method
performed with the least accuracy, it was still very near perfect, indicating that
the di erences between surface types are far greater than the di erences between
locations. Surprisingly, the unseen testing set outperformed the others with perfect
classi cation accuracy. The reason behind this could be that the unseen testing
set represents the sites equally, which gives the trained model an equal chance of
learning to classify the asphalt at each site. On the other hand, the k-fold method
contains random amounts of each site in each fold, meaning that certain training
folds may underrepresent certain sites.

The random forest algorithm is slightly less accurate and exhibited a slightly higher
standard deviation than the other two algorithms, even if it was only by a small
margin. Random forests are very powerful and can be applied to complex problems.
They also need delicate tuning to avoid under- or over tting. Perhaps ner steps
in the grid search intervals for the parameters would allow a more nely tuned
random forest model. This would, however, increase the run-time of the grid search
considerably. A sensible approach, looking back, would be to estimate the run-
time of the grid search and accommodate the grid search intervals to maximize the
number of testable combinations.
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A surprising outcome is that feature sets with a lower number of fast-time samples
per feature vectornygs generally perform better for the averaging features. For au-
tocovariance features, downsampling twice as much does not decrease the accuracy
substantially. This can mean that only a general shape of the amplitude is needed
for distinguishing the surfaces. More resolution in fast-time in this case merely
adds variance to the data points. The autocovariance features performed worse
in comparison to the averaging features. The performance of the autocovariance
features increased signi cantly when the number of slow-time framé¢ increased.
Thus, with a su cient number of frames, the ACF could also result in high perfor-
mance. However, a high classi cation rate is often desirable which makes the ACF
unpractical on its own if the sampling frequency is not su ciently high. However, in
combination with averaging features, the ACF could contribute valuable temporal
information about the surfaces that the averaging features can not provide.

The unexpectedly accurate classi cation results naturally lead to questioning of the
data. While poor results could have been attributed to poor data, unreasonably
easy classi cation could very well be the result of aws in data acquisition. If the
collection of data is treated di erently between surfaces, di erences not stemming
from surface attributes could arise. This could happen due to a simple mistake
such as accidentally tilting the radar when changing surfaces. The utilized data-
acquisition method, however, mitigates these risks. Data for dry and wet asphalt
is collected in an alternating manner during the campaigns and the procedures for
using the equipment are under control.

Since the RC car is relatively small and light, and because it has very simple sus-
pension, it is susceptible to vibrations and disturbances. Uneven surface structures
can cause the car to jump and shake while moving, leading to small variations in the
radar's height and angle relative to the ground. If the e ect of this were to di er be-
tween surface types, then this could be re ected by bias in the data. The assessment
is, however, that the car's handling should not be too di erent when comparing dry
and wet asphalt. There should be a greater di erence when comparing sites since
the structure of the asphalt di ers between sites. Dierences between sites could
also arise because changing sites involves activities that can introduce disturbances.
The equipment is moved and reset, which can lead to accidental changes in the
setup. Also, the battery is notoriously unreliable, so after long sessions of use, the
voltage may drop and the speed may be less steady.

The di erences between sites, however, seem to be minimal since the curves in Figure
6.5 and 6.6 are very similar, with exceptions in sites 1 and 2. Also, the site-based
cross-validation evaluation shows that the data-based model generalizes very well
between sites.

One could reason that the snow data, which is collected under di erent circum-
stances and all at the same location, could be dierentiated by external factors
rather than by surface attributes. This risk exists, but since snow only represents
one third of the data, it can not solely cause misleading results. Also, by observing
the di erences in the surfaces' data in Figure 6.7, the di erentiating characteristics
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seem to be correlated with physical attributes. The snow surface, which has the
greatest topographical variations, is also the surface that seems to observe the most
di use scattering.

The platform for data acquisition has several areas of potential improvement. The
rst limitation is that the remote-controlled car is originally a toy. One of the
drawbacks of it being a toy is that the motor and control electronics do not allow
for slow speeds and ne adjustments. The feedback control system is particularly
sensitive to inclines when the revolutions per minute (RPM) of the motor is low. This
sometimes results in the car losing the constant speed by slowing down or outright
stopping. Such problems are dealt with by removing the troublesome measurement
and by repeating the measurement. Another small drawback is the battery capacity
only allowing for a limited amount of measurements to be done.

A better data-acquisition platform would be built in order to be reliable and high-
performing. Also, it would bene t from being better tailored to the applications in
mind. For classifying road-surface conditions, one could even mount the radar on a
car, which would allow collection of more realistic data.

The radar setup also has its quirks, being based on an evaluation kit and not spe-
cialized hardware. The most apparent disadvantage is the transfer rate between the
radar module and the data acquisition equipment. The maximum allowable sam-
pling rate in slow-time, before saturating the data bus, is approximately 320Hz. To
achieve a high classi cation rate, this update rate must be set as high as possible.
The classi cation rate is directly related to the latency of classi cation. The latency
of classi cation is one of the most important metrics for a system that relies on
fast feedback, such as cars in motion. To improve this aspect, more powerful and
specialized hardware must be used. The desirable data rate depends on the velocity
and the latency tolerance which is therefore something that has to be evaluated for
each application.

Another possible drawback of the A111 module is its range if it is to be used in,
for example, a fast-moving vehicle. The desirable range is directly related to the
SNR and to the time it takes for a pulse to travel back and forth to an object. The
processing time for classifying a data point must be within the latency requirements
of the application. Otherwise, once the system has classied a data point, the
surface corresponding to that data point may already been passed, which renders
the system useless. In order to support long processing time, the range of the
system must increase, thereby being able to classify surfaces at a distance. The
sensor inherently has a noise level that must be overcome by the received signal
to be detected. The power level of the received signal is directly related to the
transmitted power as discussed in Section 2.2.1. The solution to increasing the
range is, therefore, either to increase the transmitted power or to reduce the noise
level of the receiving component.
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Conclusion and Further Work

This thesis explores whether it is possible to classify di erent types of road surfaces
using radar while in motion. This is examined by collecting data from several types
of surfaces using a dynamic platform moving at a constant velocity. Features are
extracted using various mathematical methods such as autocovariance and ampli-
tude averaging to develop a machine learning algorithm. The performance of the
classi cation model indicates that it is possible to con dently distinguish between
dry asphalt, wet asphalt, and snow with radar and machine learning.

The hardware solution used in this thesis is not optimal for measuring road con-
ditions in motion. To ensure a high classi cation rate, a high sampling frequency

is required which could be achieved with more powerful and specialized hardware.
Also, to ensure the quality and repeatability of the acquired data, a more robust

platform that is not sensitive to inclines and has better speed and steering control

should be used. If, for example, the goal is to classify road conditions while driving
a car, the next steps could include studying the impact of varying velocity or using

more realistic data.

The work presented o ers a starting point for the use of radar and machine learning
in the context of surface classi cation. The scope is relatively narrow, so the results
merely give an indication that the task should be possible. There are several ways
to expand on the experiment in order to be more applicable to real-world scenarios.
This thesis only examines three types of surfaces, one of which is arti cial snow
which is not present outdoors. A starting point could be to study surfaces that are
better represented in reality. Introducing the complications and variations that more
realistic data entails, would surely make the classi cation task more di cult. There-
fore, additional combinations of feature extraction methods and machine learning
algorithms could be examined to investigate if the performance could be improved.
The performance also needs to be evaluated in more ways than simply classi cation
accuracy. Other important factors include classi cation rate, latency and detection
of transitions between surfaces.
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A

Derivation of Recelved Power

To derive total received power the assumption of constant gain between the Half-
Power Beam Width (HPBW) angles can be defined in terms of scattering. Consider
the surface to only scatter between the HPBW angles as (A.1).

1
_ 0% forf,<B<Brand ;< <,
(8, ¢) = 0 others, (A1)

For lambertian scattering it was previously concluded that the scattering angle 85
and incident angle 8; are identical. The monostatic scattering coe Lcieht at scatter-
ing point r and angle 8 is (A.2).

0 cos B cos B = (A.2)
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= ag§ cos® (m — 8) = a5[— cos O]

= 03 cos® 0

Distance from antenna at position r’ = 0 and scattering point r = rf —hZ is (A.3).

v
R=|r—r’'| = r2+h2 (cylindrical coordinates) (A.3)



A. Derivation of Received Power

Recieved power is then (A.4)
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