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Abstract

This thesis investigates the possibilities of using a crude azimuth angle finding al-
gorithm on every bin in the range doppler map from a mono pulse linear phase
array radar. The crude angle finding algorithm used in this thesis requires low
computing power and thus an azimuth angle is calculated for all measurements in
the range doppler map. A grid based DBSCAN method was developed that has
the potential of clustering together radar measurements from a single object based
on range, doppler and the angle calculated by the crude angle finding algorithm.
Furthermore a velocity vector containing the velocity and heading relative the host
to which the radar is mounted is estimated using the clustered radar measurements
for non-stationary objects. The methods have been verified by collecting data in a
radar chamber, rigging scenarios and collecting data on an empty parking lot but
also in ordinary traffic situations on roads in the proximity of Gothenburg, Sweden.
The results show that the crude angle finding algorithm yields accurate results in
the radar chamber where an angle sweep over the field of view of a corner reflector
was made. (Some deviations from the true angle were found which are discussed
further in the thesis.) Moreover the clustering is evaluated from the rigged scenarios
where the cluster position is calculated using a developed algorithm and the velocity
vector estimation of moving objects are compared to known velocities and headings
from rigged scenarios using a test vehicle, a bicycle and a pedestrian travelling in the
field of view. Results show that velocity vector estimation is possible for a vehicle
and a bicycle under certain conditions.

Keywords: Radar, Angle Finding, Interferometry, DBSCAN, Clustering, Velocity
Vector Estimation, Heading Estimation.
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1

Introduction

1.1 Background

The automotive industry is currently in a phase where advanced active systems
are being developed and implemented in vehicles to decrease the risks of accidents
while driving. The terms ’autonomous’ or ’self-driving cars’ have during the last few
years gained attention from media and have thus in extension made most people in
the developed world aware that cars may not require a driver in a not too distant
future. Even though no company as of today can claim that their cars are com-
pletely autonomous most companies have some degree of automation in their cars
e.g. adaptive cruise control, automatic emergency braking and ’stay in lane assist’.
Active systems like these require detailed measurements of the surrounding world to
function properly and safely which is usually done by combining measurements from
both cameras and radar units. Even though both cameras and radar units usually
are being used it is of interest to isolate these sensors and examine ways to improve
the performance of them individually and thus improve the final performance when
both types of sensors are being used.

A typical radar sensor used in the automotive industry produce measurement data
in two dimensional range doppler maps for each antenna. A range doppler map
contains spectral information about the range and the radial velocity of the objects
of which the transmitted wave was reflected against. If the radar sensor consists of
multiple antennas the direction of the reflected waves can be estimated and thus yield
a third dimension to the data from the radar sensor containing angular information
about the objects that caused the reflections. However, as is more described in
the theory Section, the measurement needs filtering and further processing before
separate reflection points also called detections could be discriminated from the
spectral data and reported to other units in the car. The processing power and
available RAM is often limited due to financial reasons and it is therefore common
that the maximum number of reported detections is limited. This requires ways of
prioritising data that should be classified as detections or not. Furthermore, it is
also common that the angle estimation is done once detections have been classified
to save processing power and RAM which could make it hard to prioritise which
detections that are most important and thus should be reported.
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1.2 Purpose

The purpose of this thesis is to implement a low cost angle finding algorithm which
could run on all data points in the range doppler map early on in the signal pro-
cessing scheme. It will also be examined how this angle information can be used
with clustering techniques to improve the understanding of the measured scenario
by distinguishing data from different targets like guardrails, cars and bicycles and
determine their position. The targets will be classified as moving or stationary by
correcting the measurement with the motion of the host vehicle and estimating the
full velocity vector of the target. All calculations will be done in one time sample
and without filtering over time.

The benefit of having this kind of information in the signal processing scheme is that
one could prioritise the measured data and make sure that the reported detections
(peaks in the range doppler map) that is outputted from the radar comes from
the important targets in the scenario, like cars moving towards the host vehicle.
Radar trackers that filter detections over time could also benefit from instantaneous
velocity vector measurement for each detection along with a grouping of detections
that originates from the same physical target.

1.3 Scope

The scope is limited to post processing of already collected data, meaning that
nothing was implemented to run in real time in an actual vehicle. However, data
was collected both in a radar chamber where specific scenarios were set up and in
a test vehicle where certain scenarios were staged but data was also collected from
every day traffic scenarios. All data have been collected using a linear antenna array
radar. No tracking, time filtering or fusion between radar units was done, meaning
that all signal processing is done using data collected during one time sample and
with one radar unit.
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Theory

2.1 Radar Fundamentals

The core concept of a RADAR (RAdio Detection And Ranging) unit is that it
transmits an electromagnetic wave that propagates through space and when the
wave reaches an object the wave reflects and propagates in the opposite direction
back towards the radar unit that measures the reflected wave. The characteristic
of the transmitted wave can be different depending on the purpose of the radar
and the objects that are desired to be measured. Hence, there are several sub
categories of radar systems using different methods to generate a desired waveform
characteristic. The radar used in this thesis is of type LFMCW-RADAR where
LFMCW stands for Linear Frequency Modulated Continuous Wave. A LEFMCW-
RADAR generates the propagating wave by mixing a linear frequency sweep on top
of a constant carrier frequency f.. One full frequency sweep is called a chirp and the
time it takes to perform one full sweep is called dwell time. A series of chirps are
being transmitted during one measurement which in radar terminology is referred to
as a frame. Furthermore, the frequency sweep from start to end is referred to as the
bandwidth of the sweep [1]. A visualisation of the different concepts are presented
in Figure 2.1 below.

Bandwidth

fc'

T IF-signal

TA— = Tg

Dwell Time

Figure 2.1: An illustration of the core concept in a radar measurement. The radar
transmits and receives a chirp which is then mixed to create the IF-signal on which
both the range FFT and doppler FFT is done
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2.1.1 Range Measurements

A larger bandwidth impacts the range resolution and the maximum range depends
on the dwell but also on how fast one samples the chirp. As the chirp is being
transmitted on the carrier frequency the signal will reflect on objects within range
of the radar and a replica of the chirp is received by the radar with some delay in
time 7A. By filtering out the carrier frequency and mixing the transmitted signal
with the received signal one gets what is referred to as an IF-signal which stands for
Intermediate Frequency. Since the reflection is an exact replica of the transmitted
one the IF-signal is a new signal with a frequency and a phase shift equal to the
difference between the instantaneous frequencies and the difference between the
phase shifts of the transmitted and received signals. Since the chirps varies in
frequency over time, reflections on objects at different distances from the radar will
result in IF-signals with different frequencies and the distance to the objects can
thus be calculated using the frequency of the specific IF-signal [1].

2.1.2 Range Rate Measurements

If an object is in motion the distance to the radar for every reflected chirp during
one frame is different. However, the time between the chirps is very small and
the difference in the IF-signals frequency for every chirp that arises from this small
displacement in range is far smaller than the range resolution and will thus not
yield a different range measurement between chirps. The phase difference of the
[F-signals however is effected due to this small displacement of the moving object as
is visualised in Figure 2.2. This is because the wavelength of the propagated wave
is in the same order of magnitude as the expected small displacement in range of
the moving object. The wavelength of the propagated wave, the phase difference
between the IF-signals of each chirp and the time between the chirps can thus be
used to determine the radial velocity of the object relative to the radar. There
is a limit to the maximum radial velocity the radar can measure due to the fact
that the phase of a sinusoidal wave is ambiguous. If the small displacement of a
moving object between chirps is larger than half a wavelength of the propagated
wave the resulting phase difference of the IF-signals is larger than 7. This is thus
ambiguous since phases larger than 7 are equal to negative phases smaller than —r.
In a scenario like this the impact would be that the moving object is interpreted as
moving towards the radar while in reality it is moving away from the radar. The
maximum measurable radial velocity the radar is thus a function of the propagated
waves’ wavelength and the time between the chirps.

The analogue IF-signal is low pass filtered and digitalised through an ADC and then
passed to the digital signal processing unit. A fast Fourier transform (FFT) over
the IF-signals for each chirp generates magnitude peaks at the frequencies in the
[F-signal which directly corresponds to a range of a measured object. Another FFT
is then done over the phases of the range FFT which yields magnitude peaks at
the phase shifts of the IF-signals which directly corresponds to the radial velocity
of the object at the corresponding range. The result from the two FFTs can thus
be represented as magnitudes in a two dimensional matrix, often referred to as the
range doppler map, as shown in Figure 2.3. Objects within the field of view of

4



2. Theory
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Figure 2.2: Illustration of the IF-signal for a moving object. The small displace-
ment in range between chirps does not affect the IF-signals frequency in practise.
The phase shifts between chirps are affected and are used to measure the radial
velocity of the object

the radar show up as islands of varying size in the range doppler map. Since the
frequency resolution of a FF'T is limited to the number of samples that are being
transformed these islands most often span over several bin pairs in the range doppler
map. The actual range and radial velocity is calculated by multiplying the bin pairs
with their corresponding resolution [1].

Range-Doppler Map Example

2]
o

a1
o

!
N
o

w
o

N
o

,_\
o
Average Magnitude Across Antennas [dB]

250 300 350 400
Doppler [bin]

Figure 2.3: An example of how a range doppler map may look for one measurement.
Magnitude is averaged across the antennas and marked with colours
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2.1.3 Angle Measurements

In the previous parts it is mentioned that chirps are being transmitted and received
which is done using at least one transmitting and one receiving antenna. For linear
phase array radars multiple antennas are mounted in rows and columns with some
spacing apart. An important term when discussing angle estimation of radar detec-
tions is what is referred to as the boresight of the radar. The boresight is defined
as an orthogonal vector to the plane where the array of antennas is mounted and is
located in the centre of the rows and columns of the antennas. Measurements from
antennas in rows can be used to measure the angle in the horizontal plane of objects
relative to the boresight of the radar. This angle is referred to as the azimuth angle
in radar terminology. Similarly, the measurements from antennas in columns are
used to measure the angle in the vertical plane of objects relative to the boresight
of the radar and this angle is referred to as the elevation angle in radar terminology.
A visualisation of the boresight vector, azimuth and elevation angle is presented in
Figure 2.4. Furthermore, for every receiving antenna the two FFTs described above
are performed and thus another range doppler map is generated. One could visualise
this by placing the range doppler maps on top of each other creating a box of data
that is as high as the number of antennas.

-z
A

Yy

Figure 2.4: Definition of the boresight vector and the azimuth, 6, and elevation
angle, e. The boresight angle is defined along the x axis, M represents the vector to
an arbitrary target and M’ is the projection of M in the xy plane

As a reflected chirp of an object propagates back towards the radar it will reach the
antennas at the same time given that the object is straight ahead of the radar. The
object is in this example said to be in the boresight of the radar and have an azimuth
angle of zero degrees. However, if the object is not in the boresight of the radar the
reflected chirp that propagates back towards the radar will reach the antennas with
some delay which gives rise to a different measured phase at each antenna A¢. This
phase difference A¢ thus contains information of the azimuth angle to a measured
object as is illustrated in Figure 2.5. It is common to compress the range doppler

6
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maps in to one for each antenna by taking the mean of the magnitudes for each bin
pair while keeping the phase difference between the antennas to make an azimuth
angle estimation. The azimuth angle of the reflected wave can thus be calculated as

-1 A
6 = sin (M(Agb + 27rn)> (2.1)

where X is the wavelength of the propagated wave, 6 is the azimuth angle and d is
the distance between the antennas. The term 27n describes the unambiguities of a
sine function with n number of periods.

By the same reasoning as for the maximum measurable radial velocity, unambiguous
angle results are only possible if the distance between the antennas is equal to or
less than half a wavelength A [1, 2]. A bin pair of range and doppler along with its
azimuth angle is referred to as a bin measurement or BM for short throughout the
report.

Antenna 1 d Antenna 2

Figure 2.5: A visualisation of the principle behind calculating the angle to an
object

2.2 Scatterers and Detections

The range doppler map holds as explained information about the range and radial
velocity of the signal measured by each antenna. Since the signal reflected against
a target will have reflection points spread out over the surface of the object it will
be shown as an island distributed over different ranges and radial velocities. The
magnitude of the signal response from a certain bin in the range doppler map will
therefore be a measure of how much energy the reflections contain of this particular
range and doppler bin. Peaks in the range doppler map will thus correspond to
centres of areas on a target where the signal reflected against, also called scatter
points or scatterers.

A full set of range doppler maps from each antenna is not a convenient format to
output from the sensor. Firstly since it is simply too much data and secondly because
most of the data in the range doppler map is just filtered out as noise since only a
fraction of all ranges and radial velocities will be represented in one measurement.
Instead only a few key points in the range doppler map could be outputted from the

7
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sensor. These points are normally referred to as detections in radar terminology.
There are multiple ways of choosing detections but it is common that the peaks of
the range doppler map is sorted out since they are the scatter points with highest
signal strength. But even so a scenario with a lot of targets may produce too much
data to output and therefore only the peaks that are considered most important are
outputted. It is also common that the angular information only is calculated on
the peaks that are to be reported as detection to save processing power and RAM
which could make it even harder to determine which detections that best describe
the measured scenario.

2.3 Host Induced Velocity

If the radar is mounted on a vehicle the vehicle is called a host. As the host is moving
the radar will thus move along with it. This movement does not affect the range
measurements since the propagated wave travels significantly faster than the host.
The radial velocity measurements of objects however is strongly affected by the host
induced movement since the phase shift is sensitive to small changes in range as
described in the previous Section. In practise this have the effect that objects which
are stationary will have a measured radial velocity inherited by the movement of
the host. By the same reasoning another vehicle which keeps the same velocity as
the host relative to the radar will measure zero radial velocity. The movement of
the radar caused by the movement of the host must thus be compensated for as it is
desired to measure radial velocities relative to the ground and not to the host itself
to be able to determine whether an object is stationary or in motion. Depending
on the velocity and the orientation of the radar in relation to the host one can form
what is called a velocity profile over azimuth angle [3]. The velocity profile thus
describes the expected measurements in radial velocity induced by the movement of
the host over the field of view of the radar.

A

Sy
S@%Q . scatterer
; s
y

N

S

Figure 2.6: An illustration of how the radar may be positioned relative the host
coordinate system
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The host coordinate system is defined according to SAE J670-200801 standard for
coordinate systems of road vehicles. This means that the origin, Hn, of the coor-
dinate system centred in the vehicles rear axis with z-axis pointing forward in the
direction of the vehicle, y-axis to the right and z-axis pointing down in the ground
[4]. The location and orientation of a radar mounted on the host can thus be defined
using another coordinate system, Sp, with origin and orientation relative to the host
coordinate system Hp. The boresight of the radar is aligned with the z-axis of So.
See Figure 2.6 for reference.

The velocity of the origin point Sy consists of velocity vectors from the host forward
velocity but also from the turning rate of the host. As the host is turning the sensor
will move in an arch trajectory with a radius r, where r is the distance to the radar
sensor coordinate system Sp relative the host coordinate system Hp. The tangential
velocity of a point at r can be described using the cross product of the rotational
velocity w vector and the position vector of the point 7 [5]. Since the turning rate
is strictly around the z-axis the solution to finding the tangential velocity, v, in
the origin point Sp reduces to two dimensions as in Equation (2.2). Where r is the
position vector of the point and w is the turning rate of the host. Equation (2.2)
thus describes the velocity in the arch trajectory induced by the turning rate of the
host expressed in the host coordinate system He.

V1, _ry
V=wXT= (v | =w T (2.2)
V1, 0

The forward motion of the host must then be added to the total velocity of the
Sensor as

Vs, (%23 V1
=17 = ¢ “l. 2.3
o8 L}Sy] l 0 ] i lvly] (23)
The direction of the induced velocity on the radar can be described as the angle
between its velocities in x and y direction. The orientation of the radar relative to
the host, AS, must be taken in to account to relate the induced velocity expressed
in the host coordinate system Hp to the radial velocities that is measured in the

radar’s coordinate system Sp. The direction of the induced velocity on the radar
expressed in the radar’s coordinate system Sp can thus be calculated as

ag = tan™! <Usy> — AB. (2.4)

U,gx

The final expression to describe the by the host induced measured radial velocity,
vy, at an arbitrary azimuth angle, 6, within the field of view of the radar can be
expressed as

v-(0) = —|vg|cos(0 — ag). (2.5)

9
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2.4 Heading and Velocity of Non-Stationary Ob-
jects

As mentioned in the Section 2.1 the velocity of objects that causes a reflection is
measured radially relative to the radar. This means that the radar is only able to
measure the total velocity of an object if the object moves radially directly towards or
away from the radar. If the object however moves in any other direction only a part
of the objects total velocity is measured by the radar. The direction of the movement
is commonly referred to as an objects heading. Considering a scenario where a small
object is in the boresight of a stationary radar and is moving directly towards the
radar. In such scenario the total velocity of the object is in radial direction to the
radar and the total velocity of the object is thus measurable. However, considering
the same scenario except now the object moves perpendicular to the radar. In this
case the radar would measure zero velocity of the object since the object neither
moves towards or away from the radar. For a moving point at an azimuth angle 0
relative the radar its full actual velocity is measurable only if its heading, «, is equal
to 6 and none of the actual velocity is measurable if the heading « is perpendicular
to 6.

Assuming though that moving objects are large enough to yield several reflections
from different points on the object the velocity measurements from these bin mea-
surements can be used to estimate an objects velocity profile [6].

Range Rate Vectors of a Linear Moving Vehicle
15¢

=
o
T

X (Longitude)

Boresight

[&)]
T
¥

-10 -5 0 5 10
Y (Latitude)
Figure 2.7: Illustration of the measured range rate vectors of a moving vehicle

where v is the velocity of the vehicle and ag is the heading relative the boresight
of the radar

Figure 2.7 illustrates how the velocity measurements from several bin measurements
on a vehicle would look like if all the reflections was reflected on the side of the
vehicle. By assuming that the vehicle causing the reflections is travelling in a linear
motion the total velocity vector Vp of all the reflections have the same direction.
However, since the reflections originates from different points on the vehicle the
measured radial velocity, v,, is a function of the azimuth angle, 6, to the point of

10
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the reflection. Assuming that N number of bin measurements from the moving
vehicle have been received by the radar the radial velocity can be expressed as

tn] [l einily ]
:2 _ : : z; (2.6)

Ury cos(On)  sin(fy)

Equation (2.6) is an over determined system if it consists of more than two reflected
bin measurements on the moving object which can be solved using a variety of
different regression techniques. By expressing the velocities v, and v, as the vehicles
speed, vy, and heading, ar, as

v, = vpcos(ar) , v, = vpsin(ar), (2.7)

the expression for the measured radial velocity at a certain azimuth angle becomes

vy, = vr(cos(6;)cos(ar) + sin(6;)sin(ar)). (2.8)
By using the trigonometric identities
1

cos(a)cos(b) = i(cos(a —b) + cos(a+ b)) (2.9)

sin(a)sin(b) = ;(cos(a —b) — cos(a+ b)) (2.10)

the expression for the measured radial velocity reduces to
vy, = vpcos(0; — ar). (2.11)

The heading of a moving object is thus equal to the negative phase shift of the objects
velocity profile. As can be seen from Equation (2.11) the derived expression is very
similar to the expression in (2.5) which describes the velocity profile for the radar
due to movement of the radars host. This is because the two expressions essentially
describe the same thing, namely how velocity measurements are dependent on the
azimuth angle of objects and the heading and the velocity of an object or the radar
itself. The radar would yield the same velocity measurement if an object is moving
towards a stationary radar at a certain angle and velocity as a radar on a moving
host that approaches a stationary object with the same velocity and angle. To
estimate a moving objects heading and velocity relative to the host one must first
compensate the radial velocity measurement induced by the host on the radar. The
over determined system in (2.6) then becomes

Uy, + vgcos(f) — ag) cos(0y) sin(6q)

Uy + v5C08(0y — ug) B cos(6s) sin(6s) [Ux] (2.12)
: . : Uy

Ury + vscos(0n — ag) cos(Oy)  sin(Oy)

The parameters of Equation (2.11) can then be calculated where the velocity of the
object is found using Pythagoras theorem

vr = /2 + vl (2.13)
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2. Theory

The heading angle is calculated using Equation (2.14) where the offset mounting
angle, AS, of the radar on the host is accounted for.

ap = tan™* (:;;) + ApB (2.14)
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Methods

3.1 Crude Angle Finding

The crude angle finding algorithm must be very computational efficient for it to
be possible to run in real time on all bin measurements in the range-doppler map
but still produce a fairly good result so that the measured scenario could be accu-
rately described. The crude angle finding algorithm therefore utilises a simple phase
comparison between antennas as described in (2.1) but uses two antenna pairs to
enhance the accuracy of the angle.

3.1.1 Antenna Array

The radar used in this thesis has a linear antenna array of horizontally aligned anten-
nas and the crude angle finding algorithm uses three of them which are distributed
according to the Figure 3.1. Since only horizontal antennas are used the elevation
angle is not calculated.

Sk et AL

Antenna 1 5 Antenna 2 = Antenna 3

Figure 3.1: Antenna array description

By using the Equation (2.1) the azimuth angle of a point in the range-doppler map
can be calculated with the phase difference over the first two antennas as

f =sin! <A¢ + 2n> (3.1)
T
since the distance d between the antennas are % where A is the wavelength of the
transmitted radar signal. This means that there can only be one unique result of 6
for a phase difference between —180° and 180° as only n = 0 produces an argument
between -1 and 1. When the phase difference between the second and the third
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3. Methods

antenna is used to calculate the azimuth the wider distance (d = %) produce an
ambiguous result since the Equation (2.1) instead becomes

Ao 2n
0 = sin~! -, 3.2
sin < - + e ) (3.2)
Here n = —2,—1,0,1 and 2, all produce valid results and for every phase difference

and thus 5 different azimuth angles are possible.

The advantage of using the wider antenna pair is however that the measurement
is more accurate because a change in phase difference produces a smaller change
in azimuth. In Figure 3.2 the resulting azimuth error is plotted over the phase
difference when an constant error e is applied to the measured phase difference
between both the narrow and the wide antenna pair. It can clearly be seen that the
narrow antenna pair is more sensitive to this disturbance.

Error Sensitivity

=
3l
.

e =10°
- Narrow Antenna Pair
— — Wide Antenna Pair

Azimuth Error (deg.)
[

o
o

-200 -150 -100 -50 0 50 100 150 200
Phase Difference (deg.)

Figure 3.2: Error sensitivity of the phase comparison technique for the two antenna
pairs

In order to produce a high accuracy without ambiguities the narrow antenna pair
could be used to dissolve ambiguities in the measurement from the wide antenna
pair. This comes with a risk that the algorithm chooses the wrong azimuth angle
from the ambiguities which would produce an high error. If the phase difference, A¢,
is 180° and the wrong azimuth from the wide antenna pair is chosen the algorithm
will produce one of the following errors in azimuth:

so—1 1 soo—1 1 o
sin <> — sin <—> ~ 23
) )
3 1
sin™! <5> —sin™! <5> A 25° (3.3)
3
sin™* (1) —sin™! <5) ~ 53°.

Another risk is that when a target is close to the outer edge of the field of view the
phase could potentially be measured as —180° instead of 180° and the other way
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around. The algorithm will then have 5 possible solutions that have the following
erTors

5
) ~(—90) ~ 102° (3-4)
)
)

3.1.2 Calibration

The result of the measured phase differences for different azimuth angles depends
on the performance of the electrical components, length of physical wires and other
properties that are specific to each radar unit. In order to keep a high performance
in the crude angle finding and keep a persisting performance over multiple units a
unit specific calibration is needed. This is done by measuring the phase difference
between antennas for the two antenna pairs for targets at different azimuth angle.
A look up table (LUT) is created for each radar unit and antenna pair and can later
be used to easily transform the measured phase difference to azimuth angle and keep
a good performance on all radar units.

Input
ba 0LUT,nar7’owa 0LUT,wz'de

[ Abrarrow = arg(b[1]) — arg(b[2]) ] [ Adriae — arg(b[2]) — arg(B[3]) ]
p r 1% T

hase difference of narrow antenna pai hase difference of wide antenna pai

unambiguous azimuth angle ambiguous azimuth angle:
of narrow antenna pair of wide antenna pair

[ena'rrow = oLUT,naTrow[A(bna'rrow]} { owide = oLUT,wide[A¢wide] ]
5 S

[k = argmin (8iqe[k] — 9mmow)]
%

Output
0= 0widc [k]

Figure 3.3: Flowchart describing the crude angle finding algorithm
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3.1.3 Crude Angle Finding Algorithm

Figure 3.3 shows a flowchart of how the crude angle finding algorithm was imple-
mented. The symbol b represents a calibrated bin measurement of a range-doppler
bin, 0 1,u7,wide is the look up table between phase difference and azimuth for the wide
antenna pair, @ .y narrow is the look up table for the narrow antenna pair, € is the
resulting azimuth.

3.2 Velocity Profile

As mentioned in Section 2.3 the movement of the host that acts upon the radar
needs to be compensated for to get radial velocity measurements relative to the
ground and not relative to the host. In Figure 3.4 one can see the impact of the host
movement induced on the measurements from the radar. In this Figure the doppler
measurement has not been compensated with the velocity profile of the radar but
the velocity profile over the entire field of view have been plotted along with all
the doppler measurements at this time instance. At this time instance the host is
travelling at a speed of roughly 8.3 m/s and is slightly turning to the right at a yaw
rate of about 5 degrees/s and the radar is mounted at the front right of the host
with an offset angle of 60 degrees. Only stationary objects are within the field of
view except for an oncoming car in the edge of the field of view of the radar.

Velocity Profile of Front Right Mounted Radar
15¢

Host profile

10 - Bin Measurements
_. 57 o
= -
i O 0 . .
- ~
5 /
& -
£ 10} s
~

-15 ¢

201 -

-100 -50 0 50 100

Azimuth [degrees|

Figure 3.4: Illustration of how the velocity profile of the radar varies over azimuth
angle to the object that caused the reflection. The compensated doppler is thus a
function of the azimuth angle
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Figure 3.4 illustrates the induced velocity profile of the radar due to the movement
of the host. The velocity of an oncoming car is measured as roughly double its
absolute velocity since host keeps roughly the same velocity in opposite direction
and stationary objects have a measured relative velocity dependent on the azimuth
angle to the object. The doppler vectors are thus compensated with the velocity
profile as

deomp(0) = draw + vs cos(d — ag). (3.5)

3.3 Clustering

In order to separate the range-doppler-azimuth data into different targets the data
needs to be grouped together with a clustering algorithm. The assumption is that
the reflected energy from a target, like for example a car, bicycle, pedestrian or
guard rail will have similar properties and that it thereby can be separated from the
rest of the data. One advantage of having the crude azimuth this early on in the
signal processing scheme is therefore that this kind of clustering can be done more
accurately. Different objects in the scene can have very similar range and doppler
even though they originate from totally different positions relative to the host vehicle
and an estimation of the azimuth angle could therefore help in clustering objects
with similar properties together. An example of a measurement on a highway road
is shown in Figure 3.5. The range-doppler-azimuth map shows multiple islands
corresponding to an overtaking car and the poles of a guardrail. The car can be
seen to have similar range and doppler values and are spread out in azimuth since
the radar get reflections along the side of the car. The white areas are range-doppler
areas where it is estimated that only noise has been measured.

Range-Doppler-Azimuth Map Example

90 @
80 @ 60
70 40

Azimuth [°]

250 300 350 400
Doppler [bin]

Figure 3.5: Example of range-doppler-azimuth map from a scenario with an over-
taking car close to a guardrail. The car and guardrail poles show up as small islands
on range and doppler bins corresponding to their range and radial velocity to the
radar. Azimuth angle are marked with increasing colours from blue to red
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3.3.1 DBSCAN

DBSCAN is a commonly used clustering algorithm for spatial data and has the
advantages that it does not require any particular knowledge about the scenario the
data represents except for the density a target has in the range-doppler-azimuth
map. Arbitrary number of objects could be handled and the shapes of the clusters
does not matter [7]. This is important since the object in an automotive scenario
may look very different dependent on their shape, pose and movement, but also
the host vehicle motion has a big impact on how other objects will look in the
range-doppler-azimuth map.

The principle behind DBSCAN is that a data point is classified as part of a cluster
with the points that surrounds it if the density around it is high enough. This is
in practise implemented with 3 parameters: the minimum amount of neighbouring
points (minPts), a distance describing the size of the neighbourhood (eps) and a
distance function used to calculate the neighbourhood of a point. For each point
in the data the number of neighbours within the distance of eps is calculated using
the distance function. If the amount is higher than minPts the density is high
enough and the point is considered to be a core point in a cluster together with
its neighbouring points. Clusters can besides core points also have border points
that are points that have a core point in its neighbourhood but lack the density
within it to be a core point. Points in the data set that are neither a core nor a
border point does not belong to any cluster and is considered noise. An example is
shown in Figure 3.6 where the minimum amount of neighbouring points within the
neighbourhood is two. Red points are therefore considered core points, blue border
points and black is noise.

® Core Points
: ® Border Points
[ - @ Noise Points

Figure 3.6: Example of a clustered data set with minimum number of points in
neighbourhood equal to three. The red points all have two or more number of
neighbours in their neighbourhood (marked with a circle) and are therefore core
points. Blue points have a core point in their neighbourhood and are therefore
border points. Black points is noise since they do not have any core points in their
neighbourhood
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3.3.2 Grid Based Implementation

The range-doppler-azimuth map can be saved as a matrix where the range and
doppler bin corresponds to the position in the matrix and each value is the azimuth
angle for that specific bin measurement in the range-doppler map. This enables a
very fast grid based implementation of DBSCAN where the neighbourhood can be
directly defined by eps. eps is defined as a three dimensional vector where two values
describe the size of a neighbourhood as a range-doppler kernel and the third is an
azimuth tolerance. In order to calculate the number of neighbours to a point now
all the algorithm has to do is to extract all azimuth values in the matrix that are
eps[1] and eps[2] rows and columns away from the point and count how many that
are within eps[3] angle units. The benefit is that the number of distances that needs
to be calculated for each point is significantly decreased compared to if eps were
a euclidean distance and the ordering of the data did not have a spatial meaning.
An example is shown in Figure 3.7 where the neighbours of the point with azimuth
10° is calculated and marked with red. In the left image the range-doppler kernel
described by eps is shown as a red dotted square and all points within this kernel
that have an azimuth value within 5° is considered neighbours. The right image
instead show how the distance to all other points needs to be calculated with the
distance function in order to count how many there are within the eps-distance from
the point. In this example the clustering give the same result but the grid cluster
have much lower complexity.

Grid Implementation Normal Implementation
Range Bin Range Bin
13° 13°
70 8° 70 8°
20 20 I
8° —11° —110
12°10° ~10° 120 100 ~10°
16° —3° 16° —3°
Doppler Bin Doppler Bin
eps=(1 2 5°) d=/(ri — )% + (d; — d)% + (6; — )2
minPts=2 eps=
minPts=2

Figure 3.7: A illustration of counting the neighbour with the grid implementation
of DBSCAN (left) compared to a general implementation of DBSCAN (right) where
the data is not structured in spatially meaningful way. In the general implementation
the distances to all points need to be calculated and compared to the eps while in
the grid implementation only the closest values in the matrix need to be compared
to the point
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3.3.3 DBSCAN Flowchart

Figure 3.8 shows a flowchart describing the full clustering algorithm. The symbol
Omap denotes the azimuth map, eps the neighbourhood size where the first value is
the size in range, second in doppler and the third in azimuth. The minimum number
of points in a neighbourhood for it to have high enough density is denoted minPts.
More detail on the implementation with pseudocode can be found in Appendix A.1.

input
Omap, €ps, minPts @

N is not
empty

p=1
currentCluster = 0

p <
length(6,,qp)

true
mark n as
truo
n is nome border point
unclustered in_currentCluster,
false

true

[N = neighbours of p]

n is

n = NJ[1] unclustered false
- true
255 as noise
length(N) NN = neighbours of n
> minPts N=NUNN

currentCluster++

mark p as core point
in currentCluster

length(NN)

> minPts

true [mark n as core point
in currentCluster

Figure 3.8: Flowchart describing the DBSCAN algorithm. Capital letters represent
sets of points while lower case letters represent a point

3.4 Calculating Cluster Properties

Apart from the data in the range-doppler-azimuth map some additional information
about each cluster is needed so that the importance of them can be determined. Each
cluster must also have the following properties:

« range of the cluster centre

o doppler value of the cluster centre

o azimuth angle of the cluster centre

o classification of whether the cluster is stationary or moving

» estimated velocity vector of non-stationary clusters
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3.4.1 Range and Doppler Position of Cluster Centre

A radar scatterer results in a peak that is spread out over multiple bins in the
range-doppler-map and will therefore result in multiple bin measurements where, in
an ideal case and only one point of reflection, the one with the highest magnitude is
the centre. Bin measurements around this centre point of the scatterer have slightly
different range and doppler values and the scatterers will therefore spread out in the
range-doppler map. When calculating the range-doppler position of the cluster it
is therefore necessary to use the magnitude of the bin measurements since a high
magnitude indicates that a bin measurement belongs to a scatter centre.

The range and doppler value of the cluster is therefore calculated as a magnitude
weighted average over all bin measurements in the cluster as

_ i |bi|
‘ i=1 Ny '
s [bil
d. = d;
; Ny (3.6)
where N, =>_ |b;|
=1

and n = number of bin measurements in cluster.

3.4.2 Azimuth Angle of Cluster Centre

The azimuth of the cluster is calculated differently since it is expected that a cluster
can be built up by many scatters that are spread out along a line in the scenario.
The result will be that there are groups with bin measurements around each scatter
with similar azimuth but that these groups will differ in azimuth quite a lot between
each other. Imagine for example a guardrail along the road. It will be built up by
many different scatters with increasing range and azimuth that is spread out over
the field of view. The cluster azimuth is therefore calculated as the maximum peak
of a histogram over the azimuth angles which in practice will be the most frequent
azimuth angle of the bin measurements in the cluster.

0. =0, where
k = argmax(h;), i=1,..,K and

h; = Z 6, where (3.7)
j

Qmax - emzn .Qmax - emzn

Here 6 is the vector of all azimuth angles of the bin measurements in the cluster,
Ormin/Omaz is the minimum /maximum values of the azimuth vector, h is the histogram
and K is the number of bins in the histogram.
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3.4.3 Stationary/Moving classification

A simple way to determine whether a cluster is stationary, moving towards or away
from the host would be to investigate the doppler value of the bin measurements
relative to ground described in (3.5). If all of them are positive the cluster is moving
away and if they are negative it is moving towards the radar. Values close to zero
would then indicate that the cluster is stationary. However this is not at all true
in all scenarios. As mentioned in the Section 2.4 bin measurements that are at an
angle 6 and have a heading perpendicular to 6 will measure zero radial velocity.
In practise this means that objects that actually are moving seems to be stationary
from the radars point of view at a first glance. An example of a scenario is presented
in Figure 3.9 where a vehicle is passing the host in such a way that the reflections
from the centre of the vehicle propagate back towards the radar at an azimuth
angle roughly perpendicular to the vehicles heading. The resulting cluster thus
seems to be approaching, stationary and moving away at the same time from the
radars point of view and a more sophisticated method of determining if the cluster is
stationary or not is needed. Since the clustering algorithm has classified all these bin
measurements as one object they can be used as input to the velocity and heading
estimation described in Section 2.4 and the full velocity vector could instead be
calculated.

EGO Velocity Profile and Bin Measurements

——EGO profile
57 |- — —Stationary Threshold
- Noise
41| . Approaching BM
Stationary BM
3f| - Moving Away BM

Range Rate [m/s]
N

-80 -60 -40 -20 O 20 40 60 80
Azimuth [degrees]

Figure 3.9: Illustration of a scenario where a cluster contains bin measurements
that are approaching, moving away and stationary at the same time

3.4.3.1 RANSAC Based Velocity and Heading Estimation

There is always some expected noise when one measures something and this is also
true for radar measurements. In addition to the commonly assumed normal distri-
bution with zero mean noise on top of the measurements there are some other noise
sources in the radar measurements. Since the doppler measurements are measured
in bins rather than a continuous value there is a resolution limitation which can
be considered as a noise factor. Furthermore a crude angle finding algorithm is
used which brings some additional expected flaws other than the normal distributed
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noise with zero mean as is described more in detail in Section 4.1. By taking the
noise factors into consideration the bin measurements in a cluster are expected to
be very noisy and treating all bin measurements in a cluster equally would result
in bad velocity and heading estimations. A widely used method to filter out bad
measurements from a set of points used for a regression is RANSAC [8]. RANSAC
is an iterative algorithm that randomly takes the minimum number of points needed
to solve the desired equation from the data set and then compares how many of the
data points are within a certain threshold compared to the current solution. Points
within the threshold are called inliers and as the algorithm iterates the number of
inliers for the current solution is compared to the solution which had the most inliers
so far. If the current solution has more inliers than the one with the most so far the
current inliers are stored and the number of them is compared against the inliers
from the next iterations. There are many different ways of determining when to stop
the iterations. For example one either lets the algorithm run through a fixed num-
ber of iterations or stops the iterations once a certain number of inliers are reached.
Since the distribution of the bin measurements in a cluster can be very different
depending on the distance of the cluster, the orientation and yaw rate of the cluster,
the physical size of the cluster etc. a fixed number of RANSAC iterations was used.
When the algorithm is stopped the set of best inliers from the iterations are used in
a least mean square regression.
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Results

4.1 Crude Angle Finding

The testing of the performance of the crude angle finding has the issue that the
real result or ground truth can never really be known. Even if the exact azimuth
of a target is known there is no way of knowing where on the target the reflection
comes from and even if it were it is not known how the azimuth spread of the scatter
would look like in all surrounding bin measurements. An ideal case could however
be staged in a radar chamber where fault sources can be limited and some sort of
ground truth is possible by isolating a single scatterer. The result from this test is
therefore to be seen as the best possible performance of the algorithm. In a real
scenario with multiple scatterers the performance will be degraded.

The walls, floor and ceiling of the chamber is covered with radar absorbing material
and the target is a corner reflector. A corner reflector looks like a metallic cone and
focuses the radar reflection so that it looks like a point target and therefore makes
it possible to control the position of the scatterer. By having the corner reflector
centred in the room while rotating the radar it is possible to measure the result
of the crude angle finding over different azimuth angles. See Figure 4.1 for a more
detailed explanation.

Corner Reflector

Rotating Board

Figure 4.1: Schematic image of the radar chamber setup. A corner reflector is
centred in the room and the radar is rotated so that the corner reflector is measured
with known azimuth position
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The board is rotated with a very precise step motor so that the true azimuth to the
corner reflector could be assumed to be exactly known. By comparing the result
of the crude angle finding algorithm from each bin measurement with the azimuth
of the corner reflector, accuracy over the field of view can be calculated. Figure
4.2 shows a histogram with the absolute value of the crude azimuth error from a
sweep between —75° and 75°. The bin size is 0.25° which means that the crude
angle finding gives an error that is less than 0.25° with 76.69 % probability and
less than 1° with 96.20 % probability. Noticeable is also that around 22°, 50°, 72°,
96° and 125° in error there are small group of peaks that in total represents 1.21%
probability. This is the result of the algorithm choosing the wrong ambiguous angle
from the wide antenna pair as described in Section 3.1.

Histogram of Crude Azimuth Error, || < 75 %1073 Zoomed histogram, |0 < 75
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(a) Crude error histogram (b) Zoomed version to highlight the

angle jumps

Figure 4.2: Two histograms describing the absolute error of the crude angle finding
algorithm for corner reflector target over the field of view below a magnitude of 75°.
The width of the histogram bars are 0.25°

If the azimuth lies between —45° and 45° the result instead becomes the one in
Figure 4.3 where all the measurements is within 1° from the true azimuth with a
probability of 100 % and no angle jumps occur. This clearly indicates that the crude
angle finding algorithm performs worse in the outer edges of the field of view of the
radar. If only the outer edges are tested the probability of the 1° error is decreased
to 90.60 % and the probability of angle jump is increased to 2.98 %. This can be
seen in Figure 4.4 where only azimuth angles with a magnitude greater than 45° are
used in the histogram.
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Histogram of Crude Azimuth Error, |§] < 45
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Figure 4.3: A histogram describing the absolute error of the crude angle finding
algorithm for corner reflector target over the more narrow field of view below a
magnitude of 45°. The width of the histogram bars are 0.25°

Zoomed histogram, || > 45

Histogram of Crude Azimuth Error, 0| > 45 %1078
T T T T T T T 2 T

o
©
-
[

o
>
Probability
=

Probability
=}
~

o

N
o
o

0 . . .
4 0 20 40 60 80 100 120

Azimuth Error (deg.)

0
0 0.5 1 15 2 25 3 35

Azimuth Error (deg.)

(a) Crude error histogram (b) Zoomed version to highlight the

angle jumps

Figure 4.4: Histogram of the crude angle finding error for azimuth angles with a
magnitude greater than 45°. The width of the histogram bars are 0.25°

The risk of an angle jump as a result of picking the wrong ambiguous angle is a trade-
off for having a more accurate azimuth measurement overall. As a comparison, the
error of the angle sweep using only the narrow antenna pair is plotted in Figure 4.5.
The probability of having an error within 1° is now only 42.47 %.
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Crude Azimuth Error of Narrow Antenna Pair, |§| <75
1 : ‘ ; :

0.8r
Z06
=
<
Q
a
o, 0.4r

0 . .
0 2 4 6 8 10

Azimuth Error (deg.)

Figure 4.5: Histogram of the crude angle finding error if only the narrow antenna
pair is used for azimuth angles below a magnitude of 75°

4.2 Clustering Performance

Also the performance of the clustering algorithm is hard to define with hard values
since the desired result may differ depending on the application that should use the
data. In this project the most important thing has been to distinguish moving and
stationary data and clustering parameters have therefore been tuned to separate
bin measurements of moving targets such as cars, bicycles and pedestrians from the
rest of the scene. If the goal would have been to distinguish for example guardrails
or other stationary objects the clustering parameters would probably be chosen
completely different.

In order to see how well the clustering algorithm identifies moving objects it has
been run on data from real life traffic scenarios. The advantage of this is of course
that the scenarios are more realistic than one from a test track and that the moving
targets are surrounded by various stationary targets like guardrails and traffic signs.
The disadvantage is however that it was impossible with the equipment available
to know exactly the correct position of the objects in the scenario. Below is an
example where the radar is mounted on the left side of a truck pointing backwards
with a 104° angle from the forward direction of the truck. The truck is driving in
the right lane of a two lane highway with a guardrail alongside its left side and is
in the same time being overtaken by a car that drives in the left lane. The result
of the clustering can be seen in both the range-doppler map and a polar map based
on the crude angle in Figure 4.6. Since the car gets scatterers along its side the
cluster spreads out in small islands in range, see Figure 4.6b. Cluster centres are
calculated with an amplitude weighted average in range as explained in Section
3.4.1 which is the reason why the cluster centres are shifted a little to the left of
the average bin measurement location. The data from the car also spreads out in
doppler /range rate which is common partly because the measured radial velocity is
dependent on the azimuth angle of the scatterer (see Section 2.3), but also because
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some scatterers may originate from a spinning wheel which cause a different radial
velocity measurement then a scatterer originating from for example the bumper.
Even so the clustering algorithm manages to separate the data from the car from
the nearest stationary guardrail and by adjusting the parameters it is possible to
adjust the kind of separation that is desired. If the neighbourhood is decreased
in azimuth the overtaking car now becomes four clusters that marks the front and
side of the car, see Figure 4.7. This is probably the result of four or more different
scatterers alongside the front and side of the car. Since it has not been a goal
for this project to find a perfect combination of cluster parameters that works in
all scenarios they therefore have been changed to match the scenario at hand, but
with more data from various different scenarios one could of course find a set of
parameters that yields a robust result in multiple scenarios.

Polar Map Range-Doppler 2D Map
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(a) Polar map based on crude angle (b) Range-doppler map

Figure 4.6: Range-doppler map and polar map from overtaking scenario. The
host moves in positive longitudinal direction and the front of the host is located in
origin. The radar is mounted on the left side with boresight pointing backwards with
104° angle from the forward direction. Each cluster is marked with a colour and
the overtaking car can be seen as orange. The circles mark the amplitude weighted
cluster centres. Two guardrails are visible, the closest (~ 7 meters left of host)
separates the left lane from the oncoming lanes the furthest (~ 16 meters left of
host) marks the side of the road for the oncoming cars
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Figure 4.7: Range-doppler map and polar map from overtaking scenario. The host
moves in positive longitudinal direction and the front of the host is located in origin.
The radar is mounted on the left side with boresight pointing backwards with 104°
angle from the forward direction. The circles mark the amplitude weighted cluster
centres. The overtaking car now consists of four clusters that is spread out alongside
the sides of the car and is probably the energy from four different scatter centres

4.2.1 Cluster Properties

The performance of the cluster properties explained in Section 3.4 for the overtak-
ing scenario explained above can be seen in Figure 4.8 where the latitudinal and
longitudinal positions are plotted relative to the host truck and the colour of the
markers change in every time sample of 100 ms. The host is driving at a speed of
approximately 80 km/h and the overtaking car at approximately 93 km/h and the
road is straight. It can clearly be seen that the position is very unstable between
time samples in the beginning when the car is far away but becomes better and
better as it comes closer. This is partly because of errors in range, but especially
azimuth has a higher impact on the lateral/longitudinal position when the range
increases. The cluster is also located far out in the field of view where the crude
angle finding have a bad performance, see Section 4.1, which of course increases the
error in azimuth. Moreover are the clusters smaller size since the car only shows its
front to the radar and not the side. The position of the car is therefore harder to
estimate and is likely to have a cluster centre that is more oriented to the position
of the front bumper than a car that shows two sides. The azimuth errors of the
bin measurements also have a higher impact on the result when there are fewer bin
measurements in the cluster.
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Figure 4.8: Cluster position over time in overtaking scenario. The host truck is
overtaken by a car that starts from the right lane, changes lane to the left and drives
past host. Time samples are illustrated with colours

4.3 Heading and Velocity Estimation

To evaluate the performance of the velocity and heading estimations certain scenar-
ios were rigged both at an empty parking lot and at a highway where overtaking
scenarios were staged. The parking squares were used as a grid to mark out different
angles relative to the host vehicle. Two radar units were mounted on a host vehicle
as illustrated in Figure 4.12.

4.3.1 Least Square vs RANSAC solution

In Figure 4.9 histograms over the estimated velocity and heading are plotted for
all clusters that corresponded to the passing vehicle during one test drive with a
known heading and velocity using a simple least mean square solution on all the bin
measurements in the cluster. In Figure 4.10 the same scenario and clustered bin
measurements are used but the estimated velocity and heading is estimated with a
RANSAC solution. As can be seen the RANSAC solution yields a higher probability
of estimating the correct velocity and heading. However it also introduces some
erroneousness estimations, especially in velocity which the LS solution does not
yield which is explained by a low angular spread of the bin measurements in the
cluster.
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Figure 4.9: Histogram over the error in velocity and heading estimations using a
least square solution in a scenario where the target vehicle was following a marked
out heading of roughly -155 degrees. The data presented here was collected with
the front left mounted radar. The size of the bins used in the histograms is 3 km/h
for velocity and 8 degrees for the heading
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Figure 4.10: Histogram over the error in velocity and heading estimations using
a RANSAC solution in a scenario where the target vehicle was following a marked
out heading of roughly -155 degrees. The data presented here was collected with
the rear left mounted radar. The size of the bins used in the histograms is 3 km/h
for velocity and 8 degrees for the heading

Even though there is a distinct peak in the histogram at the true value one can also
see that the results are rather noisy and spread out in both the velocity and heading
histogram. Since the velocity and heading estimations were done on the clusters
without any consideration to the bin measurements they consisted of the spread
in estimations is expected. As described in Section 2.4 the velocity and heading
estimation is a problem of fitting a cosine curve to the bin measurements in the
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cluster and that it is also assumed that several bin measurements from different
points on the object are available. If the angle of all the bin measurements in a
cluster are close to equal the cluster has no angular spread of the object and the
fitting of the cosine curve becomes more or less arbitrary since the bin measurements
can be fitted to anywhere on the cosine curve. The RANSAC algorithm yields the
solution with the most inliers, however in this case the solution with the most inliers
is likely not a good solution. An illustration of the effect a low angular spread has
on the cosine fitting problem is presented in Figure 4.11.
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Figure 4.11: A visualisation of the effects that a low angular spread has on the
velocity and heading estimation. Since the actual velocity of the car is expected to
be around 10 km/h with a heading of roughly -155 degrees an area of the actual
velocity profile is plotted in the green area
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4.3.2 Arbitrary heading

A reference point was created by parking the host vehicle with the radars on top of
a cross between four parking squares. By taking measurements of the dimensions
of the parking squares different headings relative to the host could be marked by
using a string that intersected corners of the parking squares. Once a heading
had been marked a car, a bicycle and a pedestrian travelled along the marked out
heading across the field of view. The velocity at which the bicycle and pedestrian
travelled was hard to measure but the vehicle was targeted a velocity of 10 km/h.
Four different angles relative to the host was marked and the vehicle, bicycle and
pedestrian travelled along these marked lines in both direction and thus holding
eight different headings relative to the host.

a3

o r —1450)/ \/a ~ —155°

’

Figure 4.12: Illustration of how the test scenarios were rigged using the parking
squares as a grid. A string was then used to mark out trajectories which corre-
sponded to certain headings relative to the host truck. The dashed blue and red
lines correspond to the boresight and the field of view of the two radars mounted
on the host truck
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4.3.2.1 Vehicle

The test vehicle travelled along all the marked out trajectories and the velocity
vector estimation was done on the clusters that corresponded to the vehicle. In
Figure 4.13 a histogram over the errors in the velocity and heading estimations are
presented. An evaluation of how well the velocity and heading algorithm performed
depending on the angular spread showed that a minimum angular spread of about 5
degrees is needed for a reasonable estimation to avoid a scenario as in Figure 4.11b.
The data sets presented in the histograms in Figure 4.13 have thus been filtered to
only contain clusters that have a minimum angular spread of 5 degrees.
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Figure 4.13: Histogram over the errors in the velocity and heading estimations
of a vehicle travelling along the marked out trajectories. Clusters with an angular
spread less than 5 degrees and a position over 36 meters have been excluded. The
velocity bin size is 3 km/h and the heading bin size is 8 degrees. The histograms
have been formed using a number of 2627 estimations

35



4. Results

4.3.2.2 Bicycle

A bicyclist followed the same marked out trajectories as the vehicle in the previous
Section and the velocity vector estimation was done on all the clusters that cor-
responded to the bicycle. No reference measurement of the bicycles velocity was
available but efforts was made to target 10 km/h as this was the targeted velocity
for the vehicle in the previous Section. A histogram presenting the performance of
the velocity vector estimations of all the trajectories is shown in Figure 4.14 where
the same filtering of a minimum angular spread of 5 degrees has been applied as in
4.3.2.1.

Velocity Histogram, Bicycle Error in Heading Histogram, Bicycle
0351 051
03} [ L
041 1
0.25 ||
35 0.2} (N i; 03y ||
< <Q
2015 Ll £ o2t e
0.1f (S r
0.1
005r ¥
L. : s .
0 10 20 30 40 50 60 70 80 -150 -100 50 0 50
Velocity [km/h] Heading Error [degrees]
(a) Histogram over the velocity estima- (b) Histogram over the error in the
tions heading estimations

Figure 4.14: Histogram over the velocities and the heading estimations of a bicycle
travelling along the marked out trajectories. Note that the estimated velocities are
presented rather than the error since no reference measurement of the velocity of
the bicycle was available. Clusters with an angular spread less than 5 degrees have
been excluded. The velocity bin size is 3 km/h and the heading bin size is 8 degrees.
The histograms have been formed using a number of 802 estimations

4.3.2.3 Pedestrian

Data was also collected when a pedestrian walked along the marked out trajecto-
ries. However, since the results showed that the velocity vector estimation was not
acceptable, a histogram of the error over all trajectories was never created. The
result of one trajectory is presented in Figure 4.15 where no filtering of the cluster
corresponding to the pedestrian have been applied. No reference measurement of
the pedestrian’s velocity was available during the data collection.
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Figure 4.15: Histogram over the velocity and heading estimations of a pedestrian
using a RANSAC solution in a scenario where a pedestrian was following a marked
out heading of roughly -136 degrees. The data presented here was collected with
the front left mounted radar. The size of the bins used in the histograms is 1 km/h
for velocity and 5 degrees for the heading. No actual measurement of the velocity
of the pedestrian was available

4.3.3 Overtaking scenario

The data presented in this Section was collected while driving on a highway just
outside Gothenburg. The host vehicle was driving in the right most lane while a
target vehicle did an overtaking in the left lane of the host. It is the same scenario
as presented in 4.2.1 where the position of the cluster was presented. The host held
a velocity of 80 km/h using cruise control and the overtaking car aimed to hold a
velocity of 93 km/h during the overtaking. However, no cruise control was available
in the overtaking car. In Figure 4.16 the estimated velocity vectors are plotted at the
longitudinal and latitudinal positions of the cluster during the overtaking. As visible
in the Figure 4.16 both the velocity and heading estimations are rather unstable in
the first samples where the overtaking car enters the field of view of the radar. As
mentioned in 4.2.1 this is partly due to the distance to the object and thus a lower
angular spread of the bin measurements in the cluster but also since the overtaking
car enters the field of view in an area where the crude angle finding algorithm has
bad performance as presented in 4.1. Furthermore the oscillations in the velocity
estimations around the targeted value of 93 km/h can partly be explained by the
fact that no cruise control was used and that the actual velocity likely deviated some
from the targeted velocity. As for the heading it is clear that the best estimations
are when the overtaking vehicle is closer to the host and in the more central part
of the field of view which yields bin measurements with a good angular spread. It
is also visible from the Figure is that the unstable estimations starts to return as
the overtaking vehicle approaches the end of the field of view. However, since the
vehicle is closer to the radar than when it enters the field of view the cluster consists
of several bin measurements which counters the expected degrading performance in
the crude angle finding algorithm.
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Figure 4.16: The estimated velocity vectors during an overtaking scenario. The
host travels at a velocity of 80 km/h using cruise control and the overtaking vehicle
targets 93 km/h without cruise control during the overtaking

4.3.4 Vehicles With Considerable Yaw Rate

As described in Section 2.4 the equations that are used to estimate the heading and
velocity of a moving vehicle only hold if the motion of the vehicle is linear. If the
vehicle is turning with a significant yaw rate the result from the heading and velocity
estimation will thus be inaccurate. In this Section a comparison of a simple least
squares solution using all the bin measurements in the cluster of the moving vehicle
is presented to show the impact on the velocity and heading estimation a strong
yaw rate can have. When this data was collected the host was standing still and
a vehicle circled the host in a trajectory of an eight on a test track with no other
objects or vehicles in the field of view of the radar. At the instant when the data in
table 4.1 was collected the circling vehicle was doing a rather strong left turn. For
the data presented in table 4.2 the vehicles yaw rate is significantly smaller and the
estimation of the velocity and heading is closer to the actual ones.

Table 4.1: Overview of the actual and estimated parameters where the vehicle that
the estimation is done for has a considerable yaw rate

Actual Estimated

Velocity 8.5 12.3 [m/s]
Heading 33.3 66.3 [°]
Yaw Rate 274 - [°/s]
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Table 4.2: Overview of the actual and estimated parameters where the vehicle that
the estimation is done for has a small yaw rate

Actual Estimated

Velocity 9.4 9.6 [m/s
Heading 56.0 57.8 [°]
Yaw Rate  -3.5 - [°/s]
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Discussion

5.1 Crude Angle Finding

The crude angle finding is designed to be what its name suggests, namely a crude
angle finding. It is meant to be used as a complement to a more sophisticated angle
finding algorithm used to calculate the azimuth of the resulting detections. Thereby
it does not have to be perfect. As the results in Section 4.1 show the performance
is overall accurate, at least for such an ideal scenario as the angle sweep using a
corner reflector in a radar chamber. There are of course some obvious flaws e.g.
that it performs a lot worse in the outer edges of the field of view and that there
is some risk of angle jumps between the ambiguous angles for the measurement
with the wide antenna pair. The use of two antenna pairs introduces as previously
mentioned a trade-off between the risk of angle jumps and accuracy. Although the
number of angle jumps would probably increase in less ideal scenarios the results
from the azimuth sweep with the corner reflector still show that the increase in
accuracy is rather high and the risk of ambiguity is quite low. Even if such angle
jumps occur, their bin measurements would most probably be considered noise by
the clustering algorithm and as long as the target has a considerable amount of
other bin measurements that do not result in angle jumps the target would still be
captured and analysed with accurate azimuth angles. The negative effects in the
host velocity compensation and target velocity estimation from inaccurate azimuth
angles if only the narrow antenna pair is used would be a lot more severe. The
fact that the angle finding performs badly in the outer edges of the field of view is
something that is expected since the sin™! curve described by Equation (2.1) flattens
out in the edges. Small changes in phase difference thereby result in big azimuth
changes which makes the result more noise sensitive and inaccurate. The same effect
would also affect a more advanced angle finding algorithm since it also depends on
the phase to azimuth relationship.

Another disadvantage of the phase comparison monopulse technique is that it can-
not handle a signal response that originates from scatterers with similar range and
doppler values but with different azimuth. This could potentially be a common sce-
nario in a cluttered environment and would result in phase difference somewhere in
between the two incoming signals. The two scatterers would therefore look like one
scatter with azimuth somewhere in between. A more sophisticated method like FFT
across antennas could handle a spectral distribution of multiple phase differences for
the same range-doppler but would be a lot more time consuming [9].
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5.2 Clustering and Cluster Position

As explained in Section 4.2 the performance of the clustering is quite hard to eval-
uate. What is clearly visible however is that the amount of separation of data
effectively can be controlled with the parameters of the algorithm and its just a
matter of tuning in order to get the result needed for the scenario at hand. Since it
has not been a part of the scope to find the perfect parameter set that can function
properly with all possible scenarios no real robustness tests have been made but
throughout the project the parameters have been held pretty much constant and
have not required so much tuning.

One possible improvement however is to implement a scaling of the parameters based
on range as the authors of [10], since the neighbourhood size in azimuth dramatically
increases with range. An object that is close to the radar thereby has a higher spread
in azimuth than an object that is far away. This makes the clustering less restrictive
at high ranges than at closer range and the risk is that objects far away are grouped
together or that close targets are grouped into multiple clusters. This did not cause
any problems in the scenarios investigated in this project but might be in more
cluttered scenarios with a lot of moving objects close to each other.

The calculation of cluster positions also has potential of improvement since it is a
rather simple solution that was designed to work for multiple types of objects with
different shapes without making any assumptions of how a target might look like.
The position is mainly used to determine the importance of the data in the range-
doppler map. It is not needed for the target velocity estimation and the tolerance of
the error in position is therefore high. A more accurate solution might be to estimate
the edges of the target and with that information determine the mass centre of the
geometric shape. If the cluster could be identified as a specific class of object, like
car, bicycle or guardrail, one could also have a more advanced model of where the
centre should be based on the edges.

5.3 Velocity and Heading Estimation

In Figure 4.9 and 4.10 a comparison of the LS and RANSAC solution using the same
data is presented. As can be seen the RANSAC solution yields a higher probability
of estimating the correct velocity and heading compared to the LS. However the
RANSAC solution yields some erroneous estimation that the LS solution does not.
Since the RANSAC solution only uses points that are inliers to perform the regres-
sion it is possible that there is no solution to which many of the bin measurements
are considered inliers. This causes the RANSAC solution to output the solution
which indeed holds the most inliers but the inliers used in the regression have a
low angular spread which in turn causes an erroneous estimation as is presented in
Figure 4.11. The LS solution is more robust against these situations since all bin
measurements in the cluster are used in the regression. However by using all the
bin measurements in the cluster, which in general are rather noisy, the LS solution
has the downside of an overall decreased accuracy in the estimations compared to

the RANSAC solution.
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The problem of estimating the velocity vector of an object is a problem of fitting a
cosine curve to the bin measurements in the cluster corresponding to the object. As
stated in Section 2.4 it is necessary that multiple points of the object is observed by
the radar since the theory is derived based on the fact that the range rate vectors
of a moving object are different based on where on the object they are measured.
Since the bin measurements in the clusters are rather noisy it is crucial that the bin
measurements have a large angular spread of the object for the velocity vector esti-
mation to yield descent results. In Figure 4.11 a visualisation of how the estimation
is effected when the cluster has a high angular spread versus a cluster with low angu-
lar spread. The angular spread of a cluster corresponding to an object is dependent
on its physical size and the orientation and the distance of the object relative to the
radar. Other objects that are located in between the radar and the object and thus
block parts of it also lead to a low angular spread. By analysing many scenarios it
was found that a minimum angular spread of 5 degrees was generally needed for the
velocity vector estimation to yield acceptable results. Depending on whether the
physical size and orientation of the object relative the radar the minimum angular
spread can be translated to a maximum distance from the radar where the velocity
vector estimation is possible. Assuming that an average car is 1.7 meters wide and
4.5 meters long and that a bicycle is 1.5 meters long and when it comes to the
observed width of a bicycle the person riding defines the width. An average person
is assumed to be 0.6 meters wide. The table presented in 5.1 is supposed to give a
rough approximation to the maximum distance when the velocity vector estimation
is possible given an assumed minimal angular spread of 5 degrees.

Type Car Bicycle
Orientation Front/Back Side | Front/Back Side
Max Distance [m)] 19.5 51.5 6.9 17.0

Table 5.1: Maximum distance of an object where the velocity vector estimation is
possible given a minimal angular spread of 5 degrees of the object. The assumed
dimensions of a car is in this case 4.5 meters long and 1.7 meters wide. The observed
area of a bicyclist is assumed to be 1.5 meters in length and 0.6 meters in width.
Note that these are rough estimates to give an approximation to the the maximum
distance where velocity vector estimation is possible
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Figure 5.1: The accuracy of the velocity vector estimation decreases with increas-
ing distance to the object. Blue points are cluster position with a low error in the
velocity vector estimation while red points are cluster positions with a high error in
velocity estimation. The dashed green and cyan lines are the radius of the roughly
estimated maximum distance to an object where velocity vector estimations are
possible presented in table 5.1

The velocity vector estimation of a pedestrian did not yield accurate results. This
can partly be explained by the fact that the relative small dimensions of a person
inevitably results in a low angular spread observed by the radar. However the width
of a person resulted in a sufficient angular spread when a person was riding a bicycle.
It is important to note that the radar measures the radial velocity of whatever its
transmitted wave reflects on. This means that the velocity measurements from a
pedestrian can result in many different velocities depending on the transmitted wave
was reflected on the person’s leg, arm or upper body. In general, as a person moves
one leg is stationary while the other leg moves forward as the person takes the
next step. Furthermore the person often swings the arms along with the steps and
the upper body moves more or less in a smooth linear motion. This breaks the
assumption stated in Section 2.4 that the object moves in a linear motion and it is
thus expected that the velocity vector estimation should not work. For a bicyclist the
upper body along with the arms move in a linear motion along with the frame of the
bicycle. As the person is pedalling the legs do move and thus breaks the assumption
of a linear motion. However, since the motion from pedalling is a motion of moving
the legs up and down rather than back and forth no radial velocity is detected by
the radar as this motion is perpendicular to the transmitted wave. Since most of
the movement of the legs are not measured by the radar the assumption of a linear
motion still holds and velocity vector estimation should be possible.

5.4 Future Work

As mentioned earlier a suitable improvement would be to implement a clustering that
is range dependent in the way that the neighbourhood changes size over range. By
keeping the neighbourhood constant on all ranges the risk of splitting big targets
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at close range and grouping far targets together is decreased. General clustering
parameters that produce a robust result in multiple different scenarios could also
be found with more test driving. This will be needed if the clustering and velocity
vector estimation is to be tested online in a car.

Regarding the velocity vector estimation the performance should be more accurate
if the clustered bin measurements from multiple radars are fused together as this
would increase the number of bin measurements of an object. If the radars are
mounted on different locations on the host but still covers the same or parts of
the same field of view an increased angular spread of the object is available and
the velocity vector estimation should thus yield more accurate results. This would
though require that all the clustered data gets passed to some CPU or a radar
master unit where the measurements are being transformed to the same reference
system and then a velocity vector estimation is possible. Another possible way
to increase the accuracy of the velocity vector estimation is to use some weighing
scheme of the bin measurements amplitude when counting inliers in the RANSAC
solution. This idea is based on the fact that a peak in magnitude in the range
doppler map indicates a strong reflection from an object and the bin measurement
with a high amplitude should thus be considered as a more valuable measurement.
The velocity vector of an object could be used higher up in the signal processing
chain where a tracker could benefit from instantaneous estimations of an objects
velocity and heading. The object could be tracked over time where the deviations
from the correct velocity vector could be countered using a well-tuned Kalman filter
that models the objects movement using a for example a constant velocity model.
Lastly could future work also be to implement the full system with crude angle
finding, clustering and velocity vector estimation together with the detections pri-
oritisation online in a car. The clustering and velocity of targets would here benefit
both the prioritisation of detections but also enables that detections could be re-
ported as groups belonging to the same target, but each detection would also have
an instantaneous velocity vector.
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Conclusion

The results presented in this thesis show that it is possible to use a crude angle
finding algorithm on all the bin measurements in the range doppler map with sat-
isfactory results given that no mixing of reflections from multiple objects at similar
range occurs. Furthermore it has been shown that it is possible to use the crude
angle estimation along with the corresponding range and doppler bin pair to cluster
bin measurements in a range doppler map using a grid based DBSCAN technique.
Even though no fixed clustering parameters have been presented that would properly
cluster targets independent of type and direction such as guard rails and oncom-
ing/parallel travelling cars or bicycles at all ranges, an improvement to use adaptive
clustering parameters has been suggested. Furthermore the lateral and longitudi-
nal position of clusters are calculated using an amplitude weighing technique which
showed to be rather accurate as presented in Section 4.2.1. Using the bin measure-
ments in a cluster corresponding to a moving object a velocity vector estimation has
been developed which yielded acceptable results given a minimal angular spread of
the object as presented in 4.3.2.
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Appendix 1

A.1 DBSCAN Pseudo Code

Below is a pseudo code representation of how the DBSCAN was implemented on
the range-doppler-azimuth map from the crude angle finding. azimuthMap is the
range-doppler-azimuth map, eps is a vector describing the neighbourhood of a point,
minPts is the amount of neighbours a point must have in order for the density to
be high enough, clusterlD is a map with the IDs for every point in the range-
doppler-azimuth map, typeOfPoint is a similar map describing what kind of points
the clustered points are. Core points is marked as 1, border points as 2 and noise
as 0.

Input: azimuthMap, eps, minPts
Output: clusterID, typeOfPoint

1: points := find a list of indices in the azimuthMap that contain nonempty values
2: nbrOfPoints := the number of nonempty points found

3: clusterID := empty map of cluster ID:s (same size as the azimuth map)
typeOfPoint := empty map point types (same size as the azimuth map)

>

currentClusterID := 0
for all p in points do
if typeOfPoint[p| is not empty then
skip iteration % This point is already clustered

end if

10: n := rangeQuery(azimuithMap, p, eps);
11: nbrOfNeighbours := length of n

12: if nbrOfNeighbours < minPts then

13: typeOfPoint[p] := 0 % This point is noise
14: continue with next iteration

15: end if

16: % Make new cluster and assign core point to p

17: currentClusterID +=1
18: clusterID|[p] := currentClusterID



A. Appendix 1

19:

20:
21:
22:
23:
24:
25:
26:
27:

28:
29:
30:
31:
32:

33:
34:
35:

36:
37:
38:
39:
40:
41:
42:
43:
44
45:
46:

47:
48:
49:
50:

51:

52:
53:

IT

typeOfPoint[p] := 1

while n is not empty do
% If point is noise make it a border point
if typefPoint[n[1]] == 0 then
clusterID[n[1]] := currentClusterID
typeOfPoint[n[1]] := 2
remove n[l] from n
continue with next iteration

end if

% 1If point is already clustered remove it from list
if typeOfPoint[n[1]] is not empty then
remove 1n[1} from n
continue with next iteration
end if

% Assign point to cluster and get its neighbours
clusterID[n[1]] := currentClusterID
nn := rangeQuery(azimuthMap, n[1], eps)

% If density around the point is high enough make it a core point

if nn is longer than minPts then
typeOfPoint[n[1]] := 1
remove n[1] from n
n:=nunn

else% Else make it a border point
typeOfPoint[n[1]] := 2
remove n[l] from n

end if

end while
end for

function RANGEQUERY (azimuthMap, pointIndex, eps)
rangeBin := calculate range bin from pointIndex
dopplerBin := calculate doppler bin from pointIndex
azimuth := azimuthMap|pointIndex]

p := all points in azimuthMap within rangeBin + eps[1] and dopplerBin +
eps|[2]

n := all nonempty points in p that are |azimuthMap[p]-azimuthMap[pointIndex||<eps[3]
end function
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