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Automotive free space estimation with 4D short-range radar
Jonathan Falk, William Millqvist

Department of Electrical Engineering

Chalmers University of Technology

Abstract

The development of autonomous driving and advanced driver assistance system in
the car industry is progressing fast. Different sensors are used to make predictions
and estimations of the area surrounding the car. In this thesis, we investigate how
free space estimations in parking scenarios can be made using a new prototype of
short-range 4D radars and compare it to estimations made by ultrasonic sensors.

We propose a simulations localization and mapping (SLAM) method combining
both the information captured from a single radar scan, together with the difference
from two consecutive scans. A dynamic filter using a random sample consensus
(RANSAC) algorithm separates the static and dynamic detections. The detections
are clustered into landmarks and used in a Gauss-Newton optimized scan matching
with outlier rejection. An instantaneous ego-vehicle estimation using the Doppler
velocity of the radar detections is used to estimate the velocity and yaw rate (ego-
vehicle is referring to the vehicle that contains the sensors). The radar information
is then combined with data from an inertial measurement unit (IMU) in an extended
Kalman filter, together with a coordinated turn motion model. The mapping of the
environment is done with a 2D occupancy grid, which is updated while the vehicle
moves through the environment. With the occupancy grid, the free- and occupied
space can be classified, by using the field of view for the different sensors. The
estimated free space and occupied space are classified as either true or false and a
percentage of correct and incorrect classified cells is used as a metric.

The number of detections from the radar is a bit inconsistent over time and our
methods faced some problems when the number of detections was low. Otherwise,
our methods showed promising results, with accurately estimated trajectories using
radar data, and increased robustness when combined with IMU data. The dynamic
filter is successfully able to filter out dynamic radar detections, and the ability to
do so is a big advantage. Comparing the free space estimations from the ultrasonic
sensor and the short-range radar shows that the performance is similar, with a small
advantage for the radar. The conclusion that can be drawn is that the radar has
more advantages compared to the ultrasonic sensors, with the ability to estimate
the trajectory of the vehicle, filter dynamic objects, as well as satisfactory estimate
the surrounding free space.

Keywords: 4D short-range radars, Ultrasonic sensors, SLAM, Sensor fusion, Scan
matching, Occupancy grid, Free space estimation
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Nomenclature

Below is the nomenclature of parameters and variables that have been used through-
out this thesis. Bold letters are used to indicate vectors or matrices.
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Log-odds when no measurements used

Iterations in RANSAC algorithm

Minimum number of close detections in DBSCAN algo-
rithm

Probability of a free cell

Probability of a occupied cell

Threshold used in RANSAC algorithm

Distance threshold used in DBSCAN algorithm
Outlier rejection threshold

Vector describing the ego motion of a vehicle
Transformation matrix

Speed of light

Speed of sound

Radar detection

Error function

Expected value

Linearized motion model
Motion model function
Jacobian

Linearized measurement model
Measurement model

Identity matrix

Kalman gain

Log-odds grid

Total number of sensors
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Grid

The most likely grid given the sensor data
Total number of detections in a radar scan
Estimated covariance

Probability density function
Covariance of process noise

Process noise

Rotation matrix

Measurement noise

Range radar

Range ultrasonic sensor

Innovation covariance

Signal to noise ratio

Translation vector

Sampling time

Point cloud

Point in space (x,y,z)

Velocity

Doppler velocity

Covariance of measurement noise

X position

State vector

Vehicle pose (used in occupancy grid)
y position

Innovation

7 position

Measurements

Angle from center of vehicle to the radar placement

Roll angle

Azimuth angle (yaw angle)
Mean

Standard deviation
Covariance

Time-of-flight

Elevation angle (pitch angle)
Yaw rate
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1

Introduction

One of the most interesting research areas today is the progression of autonomous
vehicles. Cars are becoming more and more advanced and much of the development
focuses on self-driving features. For advanced driver assistance systems (ADAS) and
autonomous drive (AD), it is crucial to have a reliable perception of the environ-
ment around the car. Different sensors are used to collect data, which is used to
make estimations and predictions of the surroundings. Cameras, lidars, radars, and
ultrasonic sensors (USS) are some of the sensors used in vehicle navigation which
all have different benefits and drawbacks.

A classic radar will determine an object’s location in range, azimuth angle, and
relative speed (also known as the Doppler velocity). Recently, groundbreaking new
4D radars have been developed that also measure the elevation angle to the object,
increasing the dimensions of detected objects from the 2D plane to 3D space. This
broadens the field of use for the radar, making it a strong option compared to other
sensors. A prototype of a 4D radar with a short maximum range, high accuracy,
and high resolution is analyzed in this thesis.

An autonomous vehicle needs to know the environment around the car, and where
it is located in the environment. Updating a map at the same time as localizing the
vehicle in the map is known as the simultaneous localization and mapping (SLAM)
problem. The map can then be used to classify areas that are free from objects, also
known as drivable space or free space. The free space can then be used for example
in path planning or emergency braking.

The two ADAS areas with the most current development are functions used at low
speed and functions used at high speed. Low-speed scenarios include for example
parking, while high-speed scenarios consist of highway driving, among others. Ul-
trasonic sensors are mostly used in low-speed scenarios for short-range functions
such as parking assistance, blind-spot detection, and free space estimation. In this
thesis, we will investigate if this free space estimation can be done with the advanced
short-range 4D radar, and we will compare the performances of the different types
of sensors.
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1.1 Related work

SLAM is a classical problem in the field of autonomous navigation. The three main
approaches to SLAM are Bayesian filters (Kalman filters), particle filters, and graph-
based approaches discussed in [1, 2, 3]. The use of 4D radars in SLAM is limited and
no publication about it could be found. When it comes to other automotive radars
there is however a lot of information. Four short-range radars are used in [4] together
with a particle filter and a 2D occupancy grid. An odometer is used to update how
the vehicle moves and the results are robust and accurate. The paper presented in
[5] uses a feature- extraction, and matcher for radar SLAM using landmarks. Graph
optimization is used for optimizing the map. An iterative closest point (ICP) scan
matching is used together with odometry in [6] with high performance. Instead of
using landmarks or all radar detections, this paper creates sub-maps that contain
multiple scans and then uses a feature-based matching.

Authors of [7] and [8] present an ego-vehicle estimation using both one and multiple
radars (ego-vehicle is referring to the vehicle that contains the sensors). Stationary
targets are detected using the Doppler velocity and the best fit, using a RANSAC
algorithm, is used to estimate the velocity and yaw rate of the vehicle. In [9], a
method of estimating the ego-motion using long-range radars, key point extraction,
and graph matching is presented.

When it comes to SLAM using ultrasonic sensors (USS), only a few papers can be
found. A particle filter SLAM algorithm, using only 2D range USS is described in
[10]. This is however using four fixed features with known locations and a mobile
robot moving inside the area surrounded by the fixed features. A lidar-based SLAM
implementation is presented in [11]. Lidar data is used in an ICP-based scan match-
ing algorithm and the transformations are used as the measurement update in a
Kalman filter.

Regarding free space estimation, [12] investigates a high-resolution radar to estimate
the free space with 2D occupancy grid mapping. The amplitude of the measure-
ment is taken into account, as well as clustering for neighboring cells and estimating
borders of objects to refine the grid. The free space was successfully estimated and
updated over time. Authors of [13] propose a compact free space representation
using a so-called parametric free space map. Their paper also contains a thorough
analysis of the advantages and disadvantages of different methods and metrics for
representing automotive environments.

For comparison between different SLAM algorithms, a metric is proposed in [14]
based on the relative displacements between poses. The downside is that some
pre-processing is needed, like measuring the distance between the start and end of
the trajectory. In [15], a method for evaluating automotive occupancy grid maps is
presented. Using a map score and percentage of the free and occupied cells, different
methods are analyzed, but no convincing conclusion has been drawn.
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1.2 Purpose

The purpose of this thesis is to investigate how well free space can be estimated
with data available from 4D short-range radars and compare its performance with
ultrasonic sensors. This is done since new advanced radars have emerged that could
result in increased performance compared to the sensors used today. The field of
use for these new radars has only been investigated narrowly and could potentially
lead to better automobile perception. This means higher safety and more advanced
driver assistance functions.

1.3 Research questions

The main objective of the thesis is to estimate the free space surrounding the car as
accurately as possible. Different methods will be investigated, for both radar and
USS, to see how the estimation could be performed and what is the state-of-the-art.
The most promising methods will be implemented and sensor data from Volvo Cars
will then be used to validate these methods. How to compare and evaluate free
space estimations will be investigated as well.

It is possible to make estimations of the surrounding free space without incorporating
any SLAM algorithm, but to get a more robust result, SLAM will be used. This is
to be able to use information captured at previous time steps. The main research
questions can be summarized in the following parts.

o What is the state-of-the-art when it comes to free space estimation for both
short-range radars and ultrasonic sensors?

o How can these state-of-the-art methods be implemented given the data and
sensors available?

o How does one compare free space estimations from the radar and the USS,
when the sensors have different properties?

o How does the new short-range radar estimation compare to the existing solu-
tion with ultrasonic sensors? How can the solution be evaluated if it is accurate
and robust enough to be used in cars? What are the strengths and weaknesses
of the different sensors?

1.4 Limitations

Since the radars and the USS have limited range (20 meters for the radar and 5
meters for the USS), low-speed scenarios, such as parking sequences in relatively
small areas will be of focus. The low speed together with a high sampling rate will
result in a detailed map of the environment, which would not be possible at high
speed due to the limited range.

The new short-range radar is being tested in the United States and is not available
in Gothenburg, which means that the data that will be used is collected with a car
in the US. This means that there will be a limited amount of data and a limited
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possibility to collect new data. The methods implemented cannot be tested online
in a real car for the same reason, but will be evaluated offline on collected data.
The computational time for the algorithm is not of high importance, since optimiz-
ing code could be very time-consuming. Instead, the thesis will focus on how the
algorithm can obtain the most accurate and robust results possible.

The algorithm for the radar does necessarily not need to be the same as for the USS.
Since the different sensors have different properties, it may be better to use different
algorithms. There will not be any work done by combining the different sensors to
estimate the free space.

1.5 Thesis outline/Disposition

In Chapter 2 the background theory is presented. It includes information about
sensors and all the basic concepts. Chapter 3 describes the methods used for the
different sensors and how the comparison was performed. Chapter 4 presents the
results and Chapter 5 contains discussions about the methods used and the results.
Chapter 6 presents the conclusions of the thesis, which consists of a concise analysis
of the project.

1.6 Contributions

The major contributions of the thesis can be summarized as a method of perform-
ing SLAM on 4D radar data and a fair method of comparing free space estimations
from different sensors when no clear ground truth exists. Our method of perform-
ing radar SLAM utilizes both the Doppler velocity captured in a single time step
as well as the difference in position of detections between multiple time steps, to
estimate the position, velocity, heading, and angular velocity. We propose a scan
matching algorithm with outlier rejection using landmarks instead of all radar de-
tections, which improves performance. By modeling the area where our data was
collected, using Google maps satellite view and camera images, the environment can
be reconstructed as it was on the day of the testing. Converting the generated map
to an occupancy grid makes it possible to classify correctly and incorrectly labeled
free and occupied space. This makes it possible to compare free space estimations
across different sensors, no matter the range or the number of sensors.

1.7 Ethical and sustainability aspects

In the field of autonomous vehicles, there are a lot of ethical aspects. Some of the
major topics are concerning safety, responsibility, and the attitude of the public to-
ward self-driving vehicles [16]. The development of autonomous driving is moving
rapidly with new features and more advanced driver assistance systems that make
the vehicle less and less dependent on the driver. These new functions need to be
thoroughly tested since small errors in real traffic situations can lead to accidents,

4
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which could cause serious injuries or even take human lives.

People can over-rely on collision avoidance functions taking dangerous decisions or
not paying attention to the traffic. In case of an accident, it is also not sure who
is responsible. The person behind the wheel, the company manufacturing the car,
or the programmers writing the code for the function. At which level of self-driving
does the driver lose the responsibility of the vehicle?

Introducing autonomous vehicles into society will probably have both advantages
and disadvantages. More developed and autonomous vehicles could increase the
life expectancy of the vehicles. Better fuel management and energy efficiency could
also be an aspect that leads to less fuel consumption and a lower climate impact.
However, autonomous vehicles will likely lead to higher total mileage driven [16].
The distance driven will also be affected by the distribution between private and
rentable vehicles. Autonomous car-pooling could probably decrease the number of
vehicles used, eliminating the need for a private car. This would mean that fewer
parking lots are needed since the vehicles are out in circulation most of the time. The
autonomous driving field is closely related to the electrification of the autonomous
industry and using our resources more cleverly will make the world more sustainable
and contribute to a better future.
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Theory

This chapter starts by describing the different types of sensors and then explains
the main concepts used in the thesis. From state space models to occupancy grid
mapping and scan matching.

2.1 Sensors

The different sensors that are used are radar, USS, and IMU. Both the radar and USS
are proximity sensors that measures the range to objects, while the IMU measures
the angular rate and acceleration. This section provides a deeper look into the
different types of sensors.

2.1.1 Radar

The radar is a sensor that works by radiating electromagnetic waves and detects the
returning echo to determine the range and angle to objects in the environment [17].
It uses the time-of-flight from when the signal is emitted to when it returns after
reflecting on the target to calculate the range. The time-of-flight 7 is related to the
range r as [18]

2r

T= ,
Clight

(2.1)

where ¢jigns is the speed of light. The radar also measures the relative velocity be-
tween the object and the sensor, by using the difference in frequency between the
transmitted and received signal, also known as the Doppler velocity. If the detected
object is moving towards the sensor, the returning wavelength will be shorter and of
higher frequency than the transmitted signal which is used to calculate the object’s
relative velocity to the sensor.

Radars transmit waves in a variety of frequencies ranging from the so-called high
frequencies (3-30 MHz) to the so-called millimeter wavelengths (above 40 GHz) [17].
One commonly used radar in the automotive industry is the millimeter-wave radar
operating at a frequency of 76 to 81 GHz [19]. The high frequency in the millimeter-
wave radar results in high angular accuracy. A sensing technology often used with
these short wavelengths is the frequency modulated continuous wave (FMCW). A
FMCW radar emits a series of chirps consisting of sinusoids whose frequency changes
linearly over time. The FMCW radar consists of a synthesizer, which creates the
chirp, a transmitting antenna that transmits the chirp, a receiving antenna that

7
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receives the signal, and a mixer that combines the sent and received chirp and gen-
erates a new signal. The direction (azimuth angle) to the detected object is given
by the phase shifts between the horizontally placed antennas.

One of the main advantages of radar technology is its robustness. The radio waves
are less affected by extreme temperatures, bad lighting, or weather conditions such
as rain or fog, compared to other sensors [19]. The waves can also penetrate objects
and reflect on a target, for example, inside a car. The disadvantages are noisy data
and a limited angular resolution of the received signal.

2.1.1.1 4D radar

The most recent development in the automotive radar area is the new 4D radar
emerging, adding a new dimension to the traditional radar. Instead of just measur-
ing the range, azimuth, and Doppler velocity of an object, these radars also have an
angular resolution in elevation (some traditional radars can get some information
about the elevation, but is often very unreliable). This makes it possible to separate
targets with the same range in both azimuth and elevation. By arranging the anten-
nas both horizontally and vertically, two (or more) phase centers are created and the
elevation can be calculated. Knowing the height of an object or at which elevation
an object is located is a great advantage. For example, approaching a tunnel or an
underpass of a bridge and knowing that it is possible to drive underneath. Adding
the extra dimension makes it comparable to the lidar sensor, for a considerably lower
price. The radar used in our vehicle has a shorter range than most radars used in
the automotive industry, with a maximum range of 20 meters. The field of view is
+60° for both elevation and azimuth.

The notation used in this thesis is as follows. The i’th radar detection is denoted
d; where i € 1,2,..., N. In a single scan, the radar measures the range r; [m], the
azimuth angle 6; [rad] and the elevation ¢; [rad] of the object. It also measures the
signal to noise ratio SNR; [dB] and Doppler velocity [m/s] of each detection v” and
is concatenated in a vector as

(2

From the range, azimuth, and elevation, a detection can be expressed in Cartesian
coordinates as,

x; = rico8(¢;)cos(6;), (2.3)
y; = ricos(¢;)sin(0;) (2.4)
zi = risin(¢;). (2.5)

The x;, y;, and z; position is used to describe a point u; in the coordinate system
as,

u; = {x, Yi zi}T. (2.6)
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Multiple points from a single scan at time step k is known as a point cloud Uy,
which is defined as

Uy,=|u uy ... uN}. (2.7)

2.1.2 Ultrasonic sensor

USS is one of the sensors commonly used in the automotive industry. It is a proxim-
ity sensor that uses ultrasonic sound waves to find the range to the closest object in
the field of view. The sensor consists of a transmitter, which emits a high-frequency
sound wave that reflects on the closest object and the echo is registered by the
receiver [20]. The range r,ss can then be calculated as

TCsound

uss — , 2.8
. 25)

where 7 stands for time-of-flight and cgpung is the speed of sound (which in air is
about 340 m/s) [21]. The division by two appears since the sound wave travels back
and forth to the object.

Since the speed of sound is considerably lower than the speed of light (=~ 300 000
km/s), the USS is best suited for short-range applications. The USS used on our
vehicle has a detection range between 0.15 and 5 meters and a horizontal field of
view angle of + 30 degrees. In the field of view, the range to the closest object is
returned no matter what the angle is. This means that the azimuth angle to the
object is not measured.

Using multiple USS with overlapping fields of views could increase the performance
since a sensor can pick up echoes from a neighboring sensor, a so-called cross
echo [22]. This means that a single sensor can detect an echo from in front of
the sensor as well as a cross echo from the right and left, as seen in Figure 2.1.

Figure 2.1: The field of view of an ultrasonic sensor. The black is the sensor and
the three red areas are the field of view for the three echos.

The USS is a reliable sensor used in both automotive and industrial applications.
In the automotive area, USS is used in parking assistance and blind-spot detection.
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Some of the main benefits are the ability to detect objects independent of their
shape, color, transparency, or lightning conditions. The cost of the sensor is very
low and it is robust to external conditions like dust, snow, or rain. Some of the
limitations are short-range, and no azimuth angle given to the object. The accuracy
of the sensor is also affected by the angle of the object, which could reflect the sound
wave in another direction.

2.1.3 IMU

The inertial measurement unit (IMU) sensors are used to measure an object’s specific
force (acceleration) and angular rate. An IMU consists of a three-axis gyroscope,
which measures the angular velocity, and a three-axis accelerometer. Some IMUs
contains a magnetometer as well but this is not used in the automotive industry
because of the magnetic fields of the vehicle [23]. From the accelerometer, pitch
and roll can be estimated, while from the gyroscope, pitch, roll, and yaw can be
estimated (pitch is the rotation around the y-axis, roll is the rotation around the
x-axis, and yaw around the z-axis). In total, the IMU estimates the 6 degrees of
freedom, shown in Figure 2.2, with position (x, y, and z) and orientation (pitch, roll,
and yaw) [20].

Yaw

y  Pieh D Roll

Figure 2.2: Description of the coordinate system and roll (v), pitch (¢), and yaw

(6)

The benefits of IMU are the low power usage, low cost, and small size [23]. The IMU
used on the test vehicle has a high sampling frequency compared to the radar and
USS (about 10 times higher). The IMU is often used in the automotive industry as
the source of information in tunnels and in parking garages, where signals from GPS
are not available. One weakness with the IMU is that the gyroscope tends to drift
over long periods of time [20]. The position is given by integrating the acceleration
twice and any error in the acceleration will lead to a large error in position.

10
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2.2 Sensor setup and coordinate systems

The collected data are sampled with the following sensor setup. Four radars located
at the corners of the car are used, which are shown in Figure 2.3 as blue boxes.
Twelve ultrasonic sensors are used, where six are placed in the front and six in the
back and are presented as green circles. The placement of the sensors is calculated
relative to the vehicle frame. The vehicle frame (subscript v) has the origin at the
rear axle, presented as x,, y,, and z,, which is positive upwards. The longitudinal
velocity is the velocity along the z, axle and is presented as v,. 6, is the angle
between the x, — z, plane and the direction that the sensor is pointing. w, is
the angular velocity of #,. Each sensor has a sensor frame, and the z-direction is
the direction that the sensor is pointing. This will be used to describe where the
detections are located relative to the sensor. The coordinate system for the front
right radar is presented in Figure 2.3 and is named x,, y,, and z, (subscript s for
sensor frame). 0 is the azimuth angle, which is the angle between the detection and
the x4, — 2z, plane. The elevation angle ¢, is the angle between the detection and the
Ts — Ys plane.

Detection
]Doppler. Vi
X:

i
]

E)Sl.

]
=),

i

1

L

. \ /
¥s
Y v, wv/ .
Vv, Xv * A
(J
° I “/ \

Figure 2.3: The position of the radars and the USS. The green circles are the USS
and the green boxes are the radars. Also, the sensor frame (zs,ys, 05) and vehicle
frame (z,, vy, Yy, 0y, w,) are shown.

To describe the trajectory of the car, a global coordinate system is defined. It is
placed with the origin at the initial position of the vehicle frame at the start of each
sequence. The axes are defined as x,, y, and z, (subscript g for global frame). The
angle between z, and xz, is the yaw angle 6, and describes how much the car has
turned since the start. The three different coordinate systems, together with the
parameters of the global frame, are shown in Figure 2.4.

11
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Sensor
frame

Global
frame

|

Ye

Figure 2.4: An overview of the position of the sensor, vehicle and global frame.
The coordinates for the global frame (x,4,y,,0,) is presented and the dotted blue
line is the trajectory since the start

2.2.1 Homogeneous transformations

To be able to know where each measurement is relative to the global frame, the
detections must first be transformed to the vehicle frame. Since the sensors have
both a translation and a rotation, it is suitable to use homogeneous coordinates and
transformations. Transforming Euclidean coordinates to homogeneous coordinates
allows expressing affine transformations using matrices. The transformation from
Fuclidean to homogeneous coordinates is done by adding an extra dimension. The
transformation from sensor position to vehicle position is shown as

To T Ty

Yo| _ o |Us| _ |R t] |Us

2 =G, Zs _[O 1] Zs |’ (2.9)
1

where CV is the transformation matrix from sensor frame to vehicle frame, and 0 is
a 1x3 row vector containing zeroes. R is the rotation matrix and t is the translation
vector, which is shown in equations (2.10)-(2.14). The rotation matrix is dependent
on which axes are rotated around and by how much. Rotation can be done around
the x, y, and 2z axes and each rotation has its own rotation matrix. To get the total
rotation over multiple axes, it is possible to multiply the matrices with each other.
The three rotation matrices are,

1 0 0

R.(7) = |0 cos(y) —sin(y) (2.10)
0 sin(y) cos(y)
[ cos(¢) 0 sin(¢)]

R,(¢)=| 0 1 0 (2.11)
| —sin(¢) 0 cos(¢)]

12
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cos(f) —sin(f) 0
R.(0) = |sin(0) cos(@) 0}, (2.12)
0 0 1

and 7, ¢, and 6 are the angles. The total rotation around the z, y, and 2z axis is
given as

R = R.R,R,. (2.13)

The translation is the distance in z, y, and z that the point has moved. The t vector
is defined as
xT;

Zi

When this transformation is done the detections will be in the vehicle frame. When
the car moves, it is transformed into the global frame. The transformation matrix
from the vehicle frame to the global frame CY is calculated as the previous transfor-
mation, but with other angles and translations. The transformation to the global
frame can be done either from the vehicle frame, but also directly from the sensor
frame as

Tg Ty T
Yo| — o |%| = cocy V5] (2.15)
2g Zu Zs
1 1 1

2.3 State space models

A state space model is a mathematical model describing a physical system. The
system is defined by two equations, the motion model and the measurement model.
The models will be presented for discrete-time steps, where the subscript £ stands
for the current time step.

2.3.1 Motion model

A motion model describes how the state vector changes over time. Depending on
the states at the previous time, the states at the current time can be estimated
using the motion model. There are many different types of motion models and the
best choice depends on the properties of the vehicle. The general motion model is

described by
xy, = f(xp_1, Qk—1)7 (2-16)

where the function f depends on the previous state and an additive white Gaussian
noise. Xy is the current state, x;_; is the previous state and qi_; is the previous
noise which is distributed with A (0, Qx_1).

A suitable motion model for a car is the coordinated turn (CT) model, which assumes
constant velocity and yaw rate. The reason why CT is a good motion model for a

13
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car is that the velocity and turning rate change relatively slowly. Our state vector
is given by
Tk,
Yk
X = |V | - (217)
Dr

Wi

The z; and y; coordinates are the positions in meters relative to the position at time
zero. The velocity v is the longitudinal velocity of the car in meters per second.
The angle ¢, is the yaw angle in radians relative to the time zero and the angular
velocity wy is the yaw rate in radians per second. The discrete C'T motion model is
described by

T [ 2p_y + ff:_’ll sz'n(“’“;T)cos(qbkﬂ + w’“;T)_
Yk Yp_1 + ij’::ll sin(“’“;T)sm(qbk—1 + L;T)
f(xp—1,qr-1) = |vn | = V1 +qr_1, (2.18)
P Op—1 + Twi—1
Wk i Wi—1 |

where T is the sampling time and the noise covariance matrix for this model is given
as

0 0 0 0 0
0 0 0 0 0

Q.1=10 0 T%, 0 0 (2.19)
0 0 0 0 0
0 0 0 0 T,

The variable ¥, is the variance of the longitudinal velocity and ¥, is the variance
of the yaw rate.

2.3.2 Measurement model

The measurement model describes the relation between the measurement and the
states. For the remainder of the thesis, we will use zj, source to describe the measure-
ments, where k is the time step, and source is the source that the measurements
come from. In a similar fashion, ry source is the measurement noise which is dis-
tributed with N (0, Wy source) and h(Xg, Tk source) is the measurement model. Note
that

Zf source — h(le rk,source)- (220)

The measurements that are used from the IMU are the longitudinal velocity v and
the yaw rate wy. This results in a linear measurement model, which is

00100
Zk,IMU = [Zj = [O 00 0 11 X + Tr MU, (2.21)

14
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where the subscript /MU shows that the measurements are obtained from IMU.
Another type of measurement that will be used for the radars is the estimation
from scan matching, explained later in Section 2.8, and the INED, explained later
in Section 2.9. From scan matching, the position and yaw angle of the car can
be estimated, and from INED the velocity and yaw rate can be estimated. The
measurement model for the radar is then

Tk 100 00
Yk 01000
Ziradar = |Vk | = 00100 Xk + Ik radar, (222)
Ok 00010
Wi 00001

where subscript radar shows that the measurements are obtained from scan match-
ing. These two types of measurement can be used separately to estimate the states.
However, if both are used together, the different sampling rates need to be taken
into consideration.

2.4 Kalman filter

A Kalman filter is used to estimate the states given the measurements [24]. It is a
filter, based on Bayesian statistics. The linear Kalman filter consists of two main
steps, the prediction step, and the update step. The prediction step estimates what
the states should be in the next time step, given the previous states. It also estimates
the uncertainty of the prediction of the states. When the prediction step is done,
it uses the measurements in the current time step in the update step, to improve
the estimation. The filter calculates the updated state by using a weighted average
between the measurements and the predictions. The weighted average is calculated
from the uncertainty of both estimations. The Kalman filter works recursively and
uses the current estimation and covariance in the next time step. Figure 2.5 shows a
block scheme of how the prediction step and the update step are used in the Kalman
filter.

Throughout this thesis, we use the notation x;; to show the estimated states of x at
7’th time step given the measurements up to the j'th time step. Moreover, to keep
the notation simple, we will omit the subscript that shows the source of the data,
whenever it is immaterial. For instance, xj—; is the currently estimated states,
given measurement up to the previous time step, and the data may be coming from
any arbitrary source.
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Kalman filter

Prediction step

Xik-1

v

Zk———> Update step

Figure 2.5: The Kalman filter block scheme, which include the prediction and
update step.

2.4.1 Extended Kalman filter

The extended Kalman filter is a nonlinear filter that linearizes the models around
the current estimate of the mean and covariance of the states [25]. As for the linear
Kalman filter, the prediction step is performed first, and then the update step is
performed. The equations for the prediction step and the update step are given as,

Prediction step

Xklk—1 = f(Xk—1|k:—1a k1) (2.23)
Prj—1 = FiPr1p1Fp + Q,

Update step

Vi = Zr — h(Xpe—1, Tk source)

S, = HkPk|k_1Hg + Wi source (2.24)
K; =Py HLS;*

Xk = Xgjp—1 + Ki ¥y

Py = (I- Kka)Pk“g,l,

and all variables not previous defined are presented in Table 2.1.

Table 2.1: Variables used in the extended Kalman filter.

Variable Description
P Estimated covariance
F Linearized motion model
Q Covariance of process noise
W Covariance of measurement noise
y Innovation
H Linearized measurement model
S Innovation covariance
K Kalman gain
I Identity matrix
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The Jacobians F and H are calculated by linearizing the motion model and the
measurement model. The linearization of the models is done around the estimated
states. The equations of these matrices are,

f
po
X Xk—1|k—1 295
Lo (2.25)
P ox
Xk|k—1

2.5 Occupancy grid mapping

Occupancy grid mapping is a method to classify if a location is occupied by an object
or not in a static environment. A rectangular, absolute orientation grid is created,
and by using the detections, the probability that each cell in the grid is occupied
can be calculated. The variable m represents a grid, which is a vector of cells. Each
cell represents the probability that a specific area in the environment, relative to a
fixed point, is occupied by an object. The main task is to compute the probability
of each cell being occupied given the sensor data and is described by

m” = argmax P(m|Xo., Zox), (2.26)

where P() is a probability mass function and Xq. is the pose, which is the z and
y coordinates and the yaw angle of the vehicle. The subscript 0 : k£ stands for the
time steps from 0 to k. This means that the most likely map at the current time
m* shall be found given the measurements and the pose of the vehicle at all time
steps up to the current time. Occupancy grids can be divided into two categories,
feature-, and grid-based representation. Feature-based representation describes the
environment by describing the positions of landmarks that are found. Grid-based
representation defines a grid where each cell represents a part of the environment.
Each cell is assumed to be occupied by an object or marked as free space and contains
the probability of this. In this thesis, the grid-based representation will be used.
Occupancy grid is sometimes called mapping with known poses since the pose is
assumed to be known. To make our analysis tractable, the following assumptions
were made:

1. A cell is assumed to be either occupied or free

2. The cells are independent of each other

3. The environment is static
The estimation of the map as given in (2.26) is a joint probability between all cells.
We assume cells are independent so the joint probability in (2.26) may be simplified
as

P(mliO:lﬁZO:k) = Hp(mnlio:kaZO:k)a (227)

n

where m,, is the probability of cell n being occupied. To make it easier to update the
map, the probability in (2.27) will be transformed to a log-odds probability. The
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equation for calculating the log-odds [(4 »jo:x) from the probability is

P(mn|i0:ka ZO:k) )

= 2.28
1-— P(mn|X0:ka ZO:k:) ( )

Lk mjo:k) = log (

which can be positive or negative. It is used because the log-odds ratio is an additive
quantity, which means that we may add them in a grid to get the total log-odds
ratio over time. To update a cell with new measurements,

Liknlok) = Lk F L—1,nj0:-1) — o, (2.29)

will be used [26]. It was derived using the static state binary filter, which was the
reason why assumption 1 and 2 was made. [(;_1 »j0.k—1) is the recursive term, which
is the cell n from the previous time step given measurements up to the previous
time step. [y is the prior, which is the probability of it being occupied without using
any measurements and is described by

Pr(m, =1)
1—Pr(m, =1)

where Pr(m,, = 1) is the probability of cell m,, being occupied. [ ,x) is the log-odds
probability of a cell being occupied given the current measurements and is calculated
as

(2.31)

lonty = log [ —Ltmnl%e20) 3

(kanlk) = 8\ T Pl R, 72)
This equation is also known as the "inverse sensor model" and is a function used to
describe the probability of a cell being occupied using only the measurement and
pose at the last time step. It means that if a cell is between the sensor and an object,
the space is probably free and gets the probability py,.., which is between 0 and 0.5
If the cell is where an object was measured the space is probably occupied and gets
the value p,.., which is between 0.5 and 1. To calculate the cells that are between
the object and the sensor, Bresenham’s line algorithm was used [27]. Bresenham’s
line algorithm takes the position of two cells as input and draws a line between these
two cells. Then it calculates the cells that together make up this line in a grid and
return a vector of the included cells. In our case, the input to Bresenham’s line
algorithm will be the sensor position and the position of a detection.

Figure 2.6 shows how the inverse sensor model sets the values of the cells. Each cell
gets a log-odds probability and all cells create the log-odds grid 14x). The black cells
to the right are the positions of the detections from the sensor and have the value
Poce- The cells between the sensor and the detections have the value pyye., which is
shown as white cells. The gray cells are not seen by the sensor and therefore got
a probability of 0.5. These probabilities are then transformed into log-odds ratio,
which is then returned and used for updating the cell in equation (2.29).
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Sensor

—

Figure 2.6: An example of how the inverse sensor model works.

When multiple time steps are added and the grid 1(;|o.x) is calculated, the probability
of the cells will have different values between 0 and 1 and probabilities will be
updated. This grid can then be used to create a binary occupancy grid, where the
cells have the values 0 or 1. Since the probability of 0.5 gets a log-odd of 0, the
binary grid is calculated by selecting cells with log-odds either over or under 0. For
example, to get the binary occupancy grid free from objects, the cells that are under
0 in the log-odds grid are chosen. Updating the map at the next time step is done
by iterating through all cells in the grid and if a cell is in the perceptual field of the
sensor, it is updated using (2.31). If the cell is outside the perceptual field of the
sensor, it stays the same as the previous time step.

2.6 Outlier detection

The raw sensor data will contain both outliers and some noise. This section will
explain the theory behind the algorithm used to remove these outliers.

2.6.1 RANSAC

A method of separating inliers and outliers from data is the random sample consensus
(RANSAC) algorithm. The algorithm is an iterative process and works by randomly
selecting a small number of points. The number of points is selected to be the
minimal number of points needed to model the parameters. A model is then fitted
to these points and all the points within a certain predefined threshold € are treated
as inliers. The number of inliers and parameters is saved, and the process is then
repeated Nransac times. The iteration with the highest number of inliers is chosen
as the best fit [28]. The algorithm is effective to remove outliers if the proportion of
outliers is small. If the number of outliers is equal to or bigger than the number of
inliers, the algorithm will base the fit on the outliers, and not work as intended.
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2.7 Clustering

Data association is one of the more challenging problems when it comes to radar
data. Given high sparsity and high amount of noise, it is hard to associate points
with objects. Clustering is used to find points with similar characteristics and clas-
sify them together into larger entities.

2.7.1 DBSCAN

Density based spatial clustering of applications with noise (DBSCAN) [29] is a widely
used clustering algorithm. It was presented in 1996 and the algorithm manages to
cluster objects in arbitrary shapes and works on large data sets, something that
wasn’t possible before. It requires little information about the data with only two
tuning parameters.

The DBSCAN algorithm works by randomly selecting a point and checking the
number of points within a radius threshold ey;;. If the number of points inside the
range €g;s; iS more than the tuning parameter N,,;,, that point is classified as a core
point, and a cluster is formed with all the points within €. Then a new arbitrary
point is chosen until all have been visited. A point part of a cluster that is not a core
point is called density-reachable, and the points not part of any cluster is classified
as noise [30].

2.8 Scan matching

A radar scan Uy, = [u,uy,...,u,] contains all the points w; = [y, s, 2|7 given
by the radar at a single time step. Given another scan Up_; = [Qy, g, ..., Un),
with @; = [z;,y;, z;]7 (tilde is used to be able to separate the two point clouds) it is
possible to match these scans and get a rotation matrix R and translation vector t,
describing the transformation. If the point cloud is noisy and contains clutter the
match will not be perfect, and the goal is to get as good of a match as possible.
There are a few different methods of performing scan matching, including map-to-
map, iterative closest point, iterative closest line, and iterative closest plane. Since
radar data contains points describing the unknown environment, ICP is the most
reasonable method.

2.8.1 Iterative closest point

The most common method of ICP is to use singular value decomposition (SVD)
to calculate the rotation matrix R and translation vector t. The first step is to
compute the correspondences between the two point clouds by iterating through the
first cloud and finding the nearest neighbor in the second cloud. Then, the center
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of mass for the two clouds is calculated as

1 n
Py, = — DU (2.32)
N
S 2.33)
Moy, , = — (N .
k—1 m =
The cross-covariance between the corresponding points is calculated as
Using SVD, the cross-covariance matrix can be decomposed according to
SVD(cov(p,, , ty, ,)) = USV™. (2.35)
The rotation and translation can then be calculated as
R =UV7, (2.36)
t=mp, , — Ry, (2.37)

With R and t the point cloud Uy is transformed. New correspondences are then
computed between all the points in the same two clouds, where U, now has been
transformed. The process of calculating a new R and t matrix and transforming the
point cloud is repeated until the correspondences are the same as in the previous
iteration.

Instead of using SVD, the correspondences could be optimized using Gauss-Newton s
method [31]. This makes is possible to remove outliers, which means that we do not
use the correspondences with a large distance. This is done by minimizing the mean
square error of the distances between the correspondences with the error function

Since t is dependent on z, y, and z, and R is dependent on 6, the error function can
be expressed as e;(X), where X = [z, y, z, 0] and the Jacobian is in this case equal to

—sin(f)z — cos()y

1 00
Ji<)—():[6eaiix) aeé.;x) 8e5ix) aeééx)]: 8 (1) ? COS(Q)xBSin(Q)y (2.39)

With the Jacobian and error function over all detections, the optimal Ax* of our
state is, according to [31], given as

A% = (X (1) 1) () e (%). (2.40)

% %

Then our state is updated as
X < X + Ax", (2.41)

and if the initial point is close to the optimal result, x will converge after iterating.
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2.9 Instantaneous ego-motion estimation using
Doppler

In [8], the instantaneous method of estimating the ego-motion of a vehicle using
multiple radars, abbreviated as INED, is described. This state-of-the-art method
makes it possible to estimate the velocity and yaw rate in one single time step.
Thus, throughout this section we drop the subscript k& to show the time instance.
The system motion equations, relating the radar data to the vehicle ego-motion
(vg, vy and w) are derived as follows. v, is the velocity in the x direction which is
the same as v used in the state vector in the Kalman filter. The relative velocity
of a stationary target is equal to the inverse sensor velocity vector. Given detection
number ¢ € 1,2,..., N, sensor number j € 1,2,..., M, and the angle between the
center of the vehicle frame and the sensor a;, a linear combination can be constructed
as

—oP cos(br s+ ;)  sin(b s+ ;)
| = z s t’j] , (242)
—o cos(Ons + ;)  sin(Oys +a;)| L2220
—_—— v
vD M; J

J

where 0; 5 is the azimuth angle from sensor frame to detection ¢, and v;, and v, is
the velocity for sensor j in x and y direction. Using the Ackermann condition (no
wheel slip at rear axis), (2.42) can then be written for all sensors as

vP M, 0 o 0 vy
Vb 0 M o 0 v
o 2 _ ey (2.43)
V]\D/[ 0 0 R MM Vi
The velocity of sensor j (vj,, vj,) is
w
Ve _|7¥ L 0P (2.44)
Vjy Z; 0 1
Uy

where z; and y; is the position of the j’th sensor. The velocity of all sensors is then

defined as

U1,z —Y 1 0
ULZ/ I 0 1 w
=| : : o ve] (2.45)
UMz —ym 1 0] LY
——
UM,y M 0 1 b
L J L i
VI v T [sT..sT T
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Combining (2.43) and (2.45) results in the final system motion equation,

U{D 1\/[181

vl M,S w
Pl T el (2.46)
D : Yy

—— ~~———— b

vb A

The right side of the equation can be seen as the expected Doppler velocities as

D
Vest

— Ab, (2.47)

and by minimizing the Doppler residuals between V2, and Vp, all the stationary
targets can be estimated. The b vector is the estimated velocities and angular
velocity of the ego-vehicle and using a RANSAC algorithm, the best fit of b can be
determined.

23



2. Theory

24



3

Methods

This chapter describes the methods used to estimate the trajectory and the free
space, and describes how the comparison between different methods is performed.
Because of the different specifications of the sensors, the methods will differ some,
using the optimal method for the respective sensor. In Section 3.1, the methods used
for the radar are described and in Section 3.2, the methods used for the ultrasonic
sensors are described.

3.1 Radar methods

An overview of the workflow for the radar methods is shown in Fig. 3.1. Here, detec-
tions are first transformed from the sensor frame to the vehicle frame, as described
in Section 2.2.1. The detections are classified into dynamic and static detections
where the static detections are filtered and clustered using DBSCAN. The clustered
detections are used in the scan matching to connect the point cloud at the current
time step to the cloud obtained at the previous time step, which results in a rotation-
and translation matrix describing the transformation. From these matrices, the next
x, y position, and angle 8, are given. Using the formulas in Section 2.9, the dynamic
and static filtering will result in an estimate of the velocity and the yaw rate. With
this, we have measurement updates for every state in (2.17), which are the measure-
ment model in the update step of the extended Kalman filter. A coordinated turn
motion model is used in the prediction step. This will also be combined with IMU
data to try to improve the estimation of the trajectory. The estimation of trajectory
block from Fig. 3.1 is illustrated and described in detail in Fig. 3.4 and Section 3.1.3.

The radar data filtered from outliers and dynamic objects will be added to the
estimated pose to create a point cloud map over time. A static occupancy grid will
then be updated for each time step, originating from the point cloud map. The
dynamic detections will be added to a separate dynamic occupancy grid for just the
current time step. These two grids are then merged, and a binary grid is created.
From this binary grid, the area containing free space is classified. The free space
estimation block from Fig. 3.1 is illustrated and described in detail in Fig. 3.5 and
Section 3.1.4.
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Figure 3.1: Block scheme of the methods used for the estimation using radar.

3.1.1 Transformation to vehicle frame

The measurements from the four radars are transformed to the vehicle frame as
described in Section 2.2.1. This is done to see where each measurement is located
relative to the car. The transformation used is a translation and a rotation around
the z- and y-axis, since the sensors are mounted with a pitch and a yaw angle
relative to the vehicle’s coordinate system. In Fig. 3.2a the 3D points from all four
radars at the same time step are plotted in the sensor frame (in 2D). The different
colors represent from which radar each point is detected, and the direction of the
red arrow is the x-axis of the sensor frame for all four radars. The same points but
in the vehicle frame are shown in Fig. 3.2b. The direction of the red arrow is in this
case the x-axis of the vehicle frame.

—e— Radar
Front left
Front right
Rear right
Rear left

~10 1

=15 T T T T T
0 5 10 15 20

X (m)

(a) Point cloud in sensor frame. The
red arrow is the x direction of the sen-
sor frame for all four radars.
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(b) Point cloud in vehicle frame. The
red arrow is the x direction of the ve-
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Figure 3.2: Plots of a point cloud in both sensor and vehicle frame. The different
colors represent from which sensor the detection is collected.
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3.1.2 Filtering

The radar data contains some noise and outliers. Two major types of filtering will be
done to the point cloud in the vehicle frame. First, the dynamic and static objects
will be classified and filtered and then the detections are clustered to find objects
and remove outliers. The detections are also filtered using SNR. An overview of the
filtering is shown in Fig. 3.3.

Filtering
Static sensor data Filtered static sensor
in vehicle frame data in vehicle frame
Sensor data in Dynamic object i . )
vehicle frame filtering Dynamic sensor data Clustering Filtered dynamic sensor
in vehicle frame data in vehicle frame

Figure 3.3: A scheme of the filtering block, using radars.

3.1.2.1 Dynamic object filtering

A linear combination of all detections is created as in (2.46). Then a RANSAC
algorithm is performed with 1000 iterations. Three random detections from are
chosen from minimum two different sensors, and the vector b = [w v, v,|” is solved
for using (2.47). Since all points have different Doppler velocities, the goal is not
to maximize the number of inliers. Instead, a cost function is introduced that
minimizes the squared residuals of the expected Doppler velocities and real Doppler
velocities. The residuals within a given threshold € are chosen as inliers and the score
is calculated. The three random points with the lowest score after all iterations are
the best estimate of the vector b and the points outside the threshold are classified
as dynamic.

3.1.2.2 Clustering

The points are clustered using a DBSCAN algorithm with different tuning param-
eters. The different clusters are then analyzed and the mean in x,y, and z is cal-
culated for each cluster. With this mean value of each cluster, it is possible to
represent an entire cluster with just one point, a so-called landmark. Representing
a point cloud with landmarks instead of detections drastically reduces the number
of points used to describe the environment. The change in the position and the
number of landmarks make it more stable over time than the positions and the
number of detections. Using landmarks in the succeeding scan matching lowers the
computational complexity since one of the major contributions is the calculation of
the corresponding detections in different time steps. The core and density-reachable
points are saved for later point cloud representation, while the noise is discarded.
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3.1.3 Estimation of trajectory

The estimation of trajectory is used to connect multiple time steps to be able to
create a map. The methods are summarized in Fig. 3.4. The trajectory is estimated
using input from the radar methods scan matching and INED, as well as combined
with data from the IMU.

Estimation of trajectory Previous point

cloud

l

Scan matching

Position and
yaw

Y

Current point
cloud

Velocity and

yaw rate
INED >

Kalman filter (10Hz) |——— Estimated state

Estimated state

IMU (velocit
{ v —— | Kalman filter (100Hz) }—— X@8FX — >

and yaw rate)

Estimated state
and covariance |

Figure 3.4: A scheme of the estimation of trajectory block, using radars.

3.1.3.1 Scan matching

Scan matching is an algorithm used to match the current radar point cloud, Uy,
to a previous time step, U,_1, described in Section 2.8. The transformation can
then be used to calculate how much the ego-vehicle has moved in z,y, and yaw,
from one time to another. This is done by using the landmarks from the clustering
instead of all detections. First, all the correspondences between the two scans are
calculated, by iterating through all landmarks in Uy to find the closest landmark
in Ug_;. Then we propose an outlier rejection algorithm with a tuning parame-
ter €g. The outlier rejection works as if the distance between two corresponding
landmarks is larger than the threshold distance ep, these landmarks are omitted
from the optimization. The outlier rejection is used since the number of landmarks
could be different between two consecutive scans, and a landmark with no close
correspondences does not affect the least square problem. A small €5 optimizes the
transformation on landmarks close together and while driving at low speed, with a
high sampling frequency, the movements between scans are small. The same outlier
rejection technique could also be applied using all detections.

After the algorithm has converged, the transformation matrix C is multiplied by the
last position described in homogeneous coordinates, which results in a new position.
This new position is used to create the new CJ matrix, describing the transformation
from the origin in the global frame. The landmarks are then transformed with this
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matrix to the estimated positions (of the landmarks) in the global frame. In the
next time step, the new landmarks are transformed with CJ and matched with the
previous.

3.1.3.2 Instantaneous ego-motion estimation using Doppler

From the dynamic object filtering described in Section 3.1.2.1, the detections with
the best fit will derive from the best estimate of b = [w v, v,]T. The variables w
and v, exists in our state vector and is later used in our update step in the extended
Kalman filter, which increases robustness of our estimated trajectory.

3.1.3.3 Extended Kalman filter

The coordinated turn motion model is used together with a combination of mea-
surements in the update step. One estimation of the trajectory is done with mea-
surements from the two radar methods, scan matching, and INED. One estimation
is done with the velocity and the yaw rate from the IMU sensor, and one combin-
ing the radar methods and IMU. The difference in the update step of the different
combinations is the z; vector from (2.24).

Since the IMU has a sampling frequency 10 times higher than the radar, a separate
EKF is used for the IMU before fusing with the radar. This EKF when using
IMU will be called EKFpu and the other one EKFf... The state and covariance
matrix is updated in the EKFyy from the EKFg when radar data is available.
The EKFp\u estimates our entire state vector and when combining with the radar
methods, which also gives a estimate of the entire state vector, we have multiple
measurements of the same state vector. Two different measurement fusion methods
for multiple sensors are compared in [32] with similar results. Our approach is the
first method which fuses the information as,

T
Z[ fuse = [ZZ,IMU Z%’,'radar:| : (31)
The tuning for the different cases is done as follows. The Q matrix is as in (2.19)

and the W, matrix is,

Wk,radar :dlag [Ex,radar Ey,r‘adar Ev,radar‘ Ed),radar Ew,radar}a (32)

Wi v = diag [EU,IMU Y IMU| 5 (3.3)

where the variables gets assigned different values, depending on the amount of noise.
From the IMU both the yaw rate and the velocity are accurate, and they will get
a low value. From the scan matching, the position and angle are rather accurate
while from the INED, the velocity is accurate but not the angular rate. Fusing both
the measurement models results in a tuning matrix as,

| Wermo 0
Wk,fuse_ 0 Wk,radar . (34)
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3.1.4 Free space estimation

The main purpose of the free space block is to classify areas that are free, using the
trajectory and the radar scans. The entire process is visualized in Figure 3.5.
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cloud in world
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Static sensor [EEE
data Static grid
] Transformationto occupan
world frame pancy
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Merge static and Classifying of free
dynamic grid space

Trajectory ——> Free space

Dynamic point

cloud in world Binary dynamic
frame Dynamic occupancy grid

occupancy
grid

Dynamic sensor
data Transformation to
world frame

Figure 3.5: A scheme of the estimation of free space block, using radars.

3.1.4.1 Mapping with point clouds

The filtered static detections are transformed from the vehicle frame to the global
frame to create a point-based map that is updated at every time step. Using the
estimated trajectory from the previous step, each scan is transformed from the origin
to the current location with the new C? matrix. The point cloud is represented in
3D, since the accuracy of the estimations from the scan matching and INED increases
while using 3D data. The dynamic detections in every time step are not used in
updating the map since it then will be distorted over time.

3.1.4.2 Mapping with occupancy grid

The point cloud is transformed to 2D by compressing the detections between 0 and
3 meters on the z-axis. An occupancy grid is then created based on the methodology
described in Section 2.5. The reason for using a grid is because it is easier to clas-
sify the free space by looking at the number of cells in a grid. For the comparison
between the radar and USS, the grid needs to be in the 2D plane because of the two
dimensional data given by the USS. A separate dynamic occupancy grid is created
for the current time step. From the two occupancy grids, two binary grids are made,
which describe the cells as either free or occupied.

The binary occupancy grid is improved by analyzing the neighboring cells. If a
specific cell has neighbors that are estimated to be occupied, the cell has a higher
probability to be occupied. The binary grid describing where objects are located
will be clustered to make the objects denser, as described in [33]. If a cell has
neighboring cells on both sides that are occupied, either vertical or horizontal, as in
Figure 3.6, the middle cell is also set to be occupied. It is done once every radar
scan to save computational time.
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Figure 3.6: An explanation of which cells that are change to improve the binary
grid. In this case, the zeros will be changed to ones.

The dynamic and static binary grids are then merged. From this merged binary
grid, the free space was estimated using the following steps. First, by using the field
of view for each radar at that exact moment, the area between the sensor and the
object is classified as free space. By using the field of view for the radars, an area
where no detections are found will be classified as free space. The binary grid will be
updated over time and result in a grid describing the surroundings from the start.
Merging with the dynamic grid at the current time step and using the field of view
will result in an accurate representation of the environment.

3.2 Ultrasonic methods

Because of the low amount of information from the ultrasonic sensors, the methods
for estimating the free space are slightly different. In general, the process can be
described as the following. The measurements from the 12 sensors are transformed
to the vehicle frame and then to the global frame. A CT motion model is created for
the vehicle and an extended Kalman filter is implemented to estimate the trajectory
of the car. An occupancy grid is created to model the environment with the filtered
data from the sensors at the estimated position. A binary grid is created from the
occupancy grid, and the free space is classified from this. Figure 3.7 shows a block
scheme of this procedure.

Trajectory

IMU ———————p Estimation of
trajectory

h 4

A 4

Sensor data in Free space estimation — Free space

sensor frame . Ultrasonic sensors >
Sensor data in

vehicle frame
Transformation to
vehicle frame

A 4

Figure 3.7: Block scheme of the methods used for the estimation using USS.

3.2.1 Estimation of trajectory

Since the data from the USS only contains ranges, it is not possible to estimate the
trajectory from only this. Instead, the trajectory is used from the radar and IMU
data. This was described more in detail in Section 3.1.3.3.

31



3. Methods

3.2.2 Free space estimation

Using the field of view for each sensor up to the measured range, it is possible to
estimate the free space from a single scan. The free space from each sensor is first
transformed into the vehicle frame. The transformation to the vehicle frame is then
performed with a translation of x and y, and a rotation around the z-axis. Then
the total free space is calculated as the union of the individual field of view from all
12 sensors. The free space is represented as a binary grid, where the free space has
the value 1 and the rest 0. Fig. 3.8 shows the free space from the ultrasonic sensors
in white. The axes represents the index of each cell in the grid. In this example,
there are cars parked to the left of the vehicle.

Free space from ultrasonic sensors
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Figure 3.8: Free space given the raw USS measurements for one time step.

To make the system more reliable, the free space is estimated using multiple scans
and the estimated trajectory. An occupancy grid is used to get rid of noise and to
remember how the free space was at previous time steps. To update the grid over
time, a decision of the thickness of the objects has to be made, since the position of
the object is unknown (somewhere along the radius of the field of view). The area
between the sensor up to the field of view gets a low probability of being occupied.
The area outside the field of view with the decided thickness gets a high probability
of being occupied. By transforming to the global frame using the trajectory and then
updating the occupancy grid, a binary grid free from objects is estimated. Selecting
the area that is in the field of view of the sensors is used to estimate the free space
at the current time step. Fig. 3.9 shows the block scheme of how the free space is
calculated using multiple scans.
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Figure 3.9: A scheme of the estimation of free space block, using USS.

3.3 Methods of comparing results

A visual inspection of different results is easy to perform. However, to compare
estimations and get a solid, measurable result of the performance when no clear
ground truth exists is more difficult. We will next explain our methodology for the
comparison of the different sensors for both trajectory and free space estimation.

The visual evaluation of both the trajectory and the free space will be done by
comparing it with a generated map from Google maps. All the data collections has
been done at the same parking lot and this lot is modeled. The building and major
obstacles are modeled from the satellite view on Google maps, while the positions of
cars are estimated from camera images from the car and then added to the satellite
view as similar shapes. A small part of the parking lot in satellite view can be
seen in Fig. 3.10a. The entire map can be seen in Fig. 3.10b. The coordinates
are then converted to easting and northing and finally to x and y coordinates in
meters. The origin is set to be at the beginning of the sequence. The start position,
end position, and heading are estimated using camera images. Fig. 3.11a shows the
plotted converted coordinates. The map was also converted to a binary grid with
the same grid size. This makes it possible to compare cells that are free with cells
that are estimated as free. Fig. 3.11b shows the grid representation of the map,
where the white is occupied and the black is free space.

3.3.1 Trajectory evaluation

The trajectory will be visualized in the generated map from Google maps. The
start position, end position, and heading are estimated from camera images. The
end position is then compared to the final position of the trajectory. It will not give
any value of how well it performs over time, but it gives a value of how close the final
position of the trajectory is to the estimated final position from camera images. The
trajectory will also be evaluated visually to see how the different methods perform.
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Figure 3.10: Images of the parking lot used for data collection
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Figure 3.11: Map of the environment from Google maps used for evaluation.

3.3.2 Free space evaluation

To compare the different free space estimations, two approaches are used. The first
is to visually compare the estimation with the map from Google maps. The second
is to use the binary grid to check how many cells are classified correctly and how
many cells are classified incorrectly. Each cell in the grid can be classified as true
free space, false free space, true occupied area, or false occupied area. True free
space is when the cell is indeed free and estimated as free space. False free space is
when a cell is occupied but estimated to be free space. The true occupied area is
occupied and estimated to be occupied. The false occupied area is estimated to be
occupied when it is free space. This will result in a percentage of correctly classified
cells, which is comparable for the two different sensors with different ranges and
fields of view. To make the free space estimation fair, the same trajectory is used
for both radar and USS. This is because the free space estimations are dependent
on the trajectories.
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Results

In this section, we present the results of the different methods and algorithms used
to estimate the trajectory and the free space. In the first sections, the sequences
used for the data collection are described, as well as some analysis of the data. The
final section contains the comparison of the free space estimations.

4.1 Data collection

The data used for verifying the results of our algorithms and methods were collected
in the United States. Seven different sequences were collected on two separate days,
all during the daytime, in sunny weather with no extreme temperatures. All of the
data collections were performed in the same parking lot, as can be seen in Figure
3.10b. A short description of the different sequences can be seen in Table 4.1.
Sequences 2 and 3 were collected on another day, meaning the true free space was
different.

Table 4.1: Description of the different sequences used in testing.

Sequence Description Duration | Top speed Environment
nr [s] [m/s]
The car driving one lap around
1 the building and ending up 109.59 6.67 Static
close to the starting point.
The car driving straight, parking in
9 a empty space, going back, and 79.09 1.90 Static

finally stopping in a spot close
to the starting point.
Similar to sequence 2, in the same
3 area, but with different starting and 73.89 4.18 Static
stopping places.
The car driving towards a wall and
stopping at the distances 15, 10, 5,
4 3 and 1 meter in front of it. A person 67.09 0.96 Static/Dynamic
is walking to the right of the
car to check the distances
The car standing still with a person
walking behind it
The car is standing still with another
car driving behind it
The car drives towards another

7 car that stands still 27.90 1.59 Static

29.91 0 Dynamic

40.58 0 Dynamic
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4.2 Radar data representation

From the radars, an irregularity in the number of detections was noticed. The
number of detections would vary a lot during the different sequences and affect the
performance. The data was analyzed and the result is shown in figures 4.1 - 4.7.
Subfigures (a) visualize the change in the number of detections over time (note the
different axes). This is the total number of detections for the four radars. The
mean is visualized as a dotted line. Subfigures (b) show histograms of the number
of detections, to show the distribution (note the different axes and bin size).

Looking at the number of detections over time, one can see that the combined
number from the four radars sometimes is less than 50, which is very low. Both
the clustering, scan matching, and INED requires a large number of detections to
work as well as possible. Sequences 2 and 4 are the only sequences where all time
steps contain more than 100 detections. Looking at sequences 2 and 3, which are
collected around the same time and area, shows a quite different result. The mean
for sequence 2 is 268 detections, while the mean for sequence 3 is only 125, and
the distribution is different. The number of detections for the individual sensors
was investigated, but no pattern could be found. Looking at the histograms, the
different distributions show no clear pattern as well. A large number of detections
or a rapidly changing number is not an issue, but a low number of detections is
problematic.
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Figure 4.1: Number of detections analysis of sequence 1
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Figure 4.2: Number of detections analysis of sequence 2
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Figure 4.3: Number of detections analysis of sequence 3
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Figure 4.4: Number of detections analysis of sequence 4
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Figure 4.5: Number of detections analysis of sequence 5
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Figure 4.6: Number of detections analysis of sequence 6

Sequence 7

60

Sequence 7 I‘
2204 === Mean =115 504
—— Radar points
200
40 4
I II
] ] II

S

Count

o
o
o

Number of points

140 204
- Hils [

10
100
80 04

63 73 84 94 105116126 137147 158 169179 190200 211 222
60 1 Number of points
6 _;: 1‘0 1‘5 2‘0 2‘5
Time [s. .
¢ (b) Histogram of the number of de-
(a) Number of detections over time tections

Figure 4.7: Number of detections analysis of sequence 7
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4.3 Distance analysis

To analyze the performance of the radars and the USS, raw data from sequence 7
was used, where the ego vehicle drives towards another car. The ego vehicle started
around 16 meters from the car and drove forward until the front was approximately
0.5 meter from the other car. This was used to see how well the sensors measure the
distance to an object, and how much noise the measurements contain. Since the ego
vehicle drove straight towards the other car, only the sensors that have a field of view
directly forward were analyzed. Two ultrasonic sensors have a field of view forward,
the front left and the front right USS. Figure 4.8 shows the measured distances to
the car for all echoes from the USS. The color of each measurement represents the
quality of the signal. In Figure 4.9, the measured distances to the car in front using
radars are visualized. The field of view of the two front radars, looking forward,
is used. The color-bar of the detections is the SNR of each detection. Figure 4.9a
shows the measured distances for the whole sequence. Figure 4.9b shows zoomed-in
data for the final 5 meters.
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Figure 4.8: Measured distance to an object in front of the car using USS
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Radar measurements in front of the car Radar measurements in front of the car
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Figure 4.9: Measured distance to an object in front of the car using radar

The USS gets one measurement per time step for each sensor. They have a resolution
of 1 em. For short-range, it gives stable measurements with high accuracy. For longer
range, it gives lower quality measurements with more varying distances. For ranges
over 5 meters, they often provide false readings with much lower quality. The radar
measures multiple detections each time step. The SNR are between 12.5 and 32
dB. The reason why it gives multiple ranges at the same time step is that some
detections go through the car and measure further away than the side towards the
ego vehicle. When the ego vehicle is standing still close to an object, the resulting
range is stable.

4.4 Dynamic objects filtering

The filtering of dynamic objects was tested on sequences 4, 5, and 6. The method
used for classifying the dynamic detections was presented in section 3.1.2.1. The
sequences are measured for six seconds. The average number of inliers (static) and
outliers (dynamic) are presented in Table 4.2. One thing to note is that the number

of static and dynamic detections for sequences 5 and 6 are not affected much by the
threshold e.

Table 4.2: Average number of static and dynamic detections using different e

Sequence 5 Sequence 6 Sequence 4
€ | Static | Dynamic | Static | Dynamic | Static | Dynamic
0.1 | 90.80 24.66 151.23 68.63 153.07 47.00
0.2 | 90.80 24.66 151.23 68.63 189.13 11.93
0.3 | 92.30 23.16 161.93 57.93 194.23 6.83

The result for sequence 5 are presented in Figure 4.10, sequence 6 in Figure 4.11
and sequence 4 in Figure 4.12, all for a single time step at three seconds. The
surroundings, captured with four cameras are fused into one 360° image and can
be seen in subfigure (a). In subfigure (b), all radar detections are plotted together
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with the direction and magnitude of the Doppler velocities. A RANSAC algorithm
is performed with 1000 iterations and the threshold e varying. With all detections
in the form of the system motion equation given at (2.46), the best estimate of the
state b = [w, v,,v,|" is solved for using (2.47). The estimated state is multiplied
with the R matrix in (2.46) to get the expected Doppler velocities v2,. These are
then compared to the measured Doppler velocities vP and plotted in subfigures
(c) for sequences 5 and 6. Subfigures (d) contains the inliers (black) and outliers
(red), which could be compared with the Doppler magnitudes in subfigures (b). In
sequence 4 three different thresholds are visualized. The points inside the threshold
limits are classified as static detections and these are then visualized in black, while

the dynamic detections are visualized in red.
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Figure 4.10: Dynamic object classification in a single time step for sequence 5 (a
person walking behind the ego vehicle)
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Figure 4.11: Dynamic object classification in a single time step for sequence 6 (a
car driving behind the ego vehicle)
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object classification in a single time step for sequence 4,

The subplots with the best estimate show the difference between the measured
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Doppler velocity and the estimated Doppler velocity for each detection. The hori-
zontal lines are the threshold and the detection with a difference inside the threshold
is classified as inliers. In sequences 5 and 6, where the ego vehicle is standing still, all
the detections with a Doppler velocity higher or lower than 0 are correctly classified
as dynamic. Figure 4.10c and 4.11c show that the error of the static detections is
exactly 0. This means that the static detections are estimated perfectly and the dif-
ferences between the estimated and measured Doppler velocity are equal to 0. This
can be concluded by looking at the detections with a Doppler magnitude, which is
classified as dynamic and plotted in red in the final subfigure.

Figure 4.12 shows data from a sequence when the car is moving and this results
in more varying errors. With a high threshold, more detections are classified as
inliers, and with a low threshold, more detections are classified as outliers. In this
case, a person is moving with a similar velocity as the ego vehicle, and no clear
deviating Doppler magnitudes can be seen. However, using the difference between
the estimated Doppler and the measured Doppler, the majority of the detections
of the person are still classified as dynamic. Here, € is of higher importance and
affects the performance (unlike when the vehicle is standing still). In conclusion,
any detections with a clearly deviating Doppler magnitude are correctly classified
as dynamic, and an € value on the higher side is used later in the thesis.

4.5 Clustering

The clustering algorithm is evaluated for a couple of different values of the param-
eters. Small €4, and a large N,,;, results in a lower number of clusters, while large
€qist and small N,,;, results in a high number of clusters. The number of clusters and
the number of detections classified as noise can be analyzed but do not say much
about the performance. To visualize the concept, Figure 4.13 shows the number
of clusters and noise for N,,;,, = 5 and €4 = 0.2, €4is = 0.5, and €44 = 1, for a
single radar scan. The colored points represent the different clusters, while the black
points represent the noise. The figure shows the relation between the threshold ey,
and the number of clusters and noise points. With a low €4, the number of noise
points is high, as can be seen in subfigure 4.13a, and with a high €4, the number
of noise points is low, as can be seen in subfigure 4.13c. The number of clusters is
larger and the clusters are bigger with a high €g4;.

Estimated number of clusters: 12, noise points: 81 (£, = 0.2 and Ny, = 5) Estimated number of clusters: 15, noise points: 34 (€4 = 0.5 and Ny, = 5) Estimated number of clusters: 14, noise points: 19 (€4 = 1 and Ny, = 5)

¢ o 4 o & e
B T 4% 2 e 00”8 48 e e 009”8
3 v g v g &
°o .g R 8 o 8 R 8 o .°6 . 8
° [ (]
(a) €dist — 02 (b) €dist — 05 (C) €dist — 1

Figure 4.13: Cluster and noise points for a radar scan, using different €y
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4.6 Instantaneous ego-motion using Doppler

INED was used to estimate the velocity v, and yaw rate w. The variable v, was
estimated but is not used, since it is not included in the state vector. To evaluate
how well the velocity and yaw rate are estimated, it is compared with the IMU data.
In Figure 4.14, 4.15 and 4.16, the v, and w are plotted for both IMU and INED,
for the three first sequences. The thresholds used in the INED were € = 0.5 m/s
and 500 RANSAC iterations. Looking at the first sequence, v, is estimated well
with small deviations at around 40 seconds, when the number of detections is low
(see figure 4.1). The estimation of the yaw rate is worse than the velocity, with
some negative spikes where the IMU estimates the yaw rate to be zero. Comparing
sequences 2 and 3, it is clear that sequence 2 performs better, both for v, and w.
Figure 4.2 and Figure 4.3 (number of detections over time), shows that sequence 2
has a considerably higher average number of detections. All estimations in sequence
2 are good, with a performance comparable to the IMU.
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(a) Estimated v, (b) Estimated yaw rate

Figure 4.14: Analysis of INED estimations, compared to the IMU for sequence 1

Vx Yaw rate

2.0
— MU

— INED 0.0 4
154

1.0 4

0.5

mjs
rad/s

0.0

-1.04 — MU
— INED

0 20 40 60 80 0 20 40 60 80
s s

(a) Estimated v, (b) Estimated yaw rate

Figure 4.15: Analysis of INED estimations, compared to the IMU for sequence 2
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Figure 4.16: Analysis of INED estimations, compared to the IMU for sequence 3

4.7 Scan matching

The concept of matching two different points cloud captured at two consecutive time
steps Uy and Uy_1, is visualized first. The point clouds are clustered beforehand with
Npin = 5 and €4, = 0.8 and the landmarks are used. In Figure 4.17a there are
18 landmarks from cloud U and 14 landmarks from the previous point cloud Uj_;.
The point clouds are captured in sequence 1 while driving in approximately 2 m/s,
meaning that with a sampling frequency of 10 times per second, the car has traveled
approximately 0.2 meters. Figure 4.17b shows the scans after transforming Uy to
match Uy_; using Gauss-Newton optimization with outlier rejection (ep = 1). Fig-
ure 4.17c shows the error from (2.38) over 10 iterations. The scan matching is done
in 3D but transformed to 2D for easy visualization. With the axes ranging from +
10 meters, in this case, the small transformation is difficult to see. However, the
error is decreased in the first two iterations, before the solution converges, meaning
the optimization is working.

0 H o 1o s ]
xim] xim)

(a) Landmarks from Uy (b) Landmarks from Uy
(=P)and Uy, (=Q)af- (=P)and Uy_; (=Q) af-  (c) Error over the num-
ter before matching ter scan matching ber of iterations

Figure 4.17: The concept of the scan matching with landmarks
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The scan matching in Figure 4.17 results in a translation and rotation describing
the transformation, and in this case, a C matrix as,

0.9998 0.0156 0 0.1760
—0.0156  0.9998 0  —0.0508
C= 0 0 1 —=0.0173 (4.1)
0 0 0 1
Multiplying this with the last position leads to a new position of
0 0.1760
0 —0.0508
Prew = C ol =1 _g.0173) - (4.2)
1 1

which means a movement of 0.176 meters in the z-direction, -0.0508 meters in the
y-direction, and, -0.0173 meters in the z-direction.

Sequence 1, 2, and 3 are evaluated over multiple time steps, using all detections,
the core points, and the landmarks from the clustering, to show the difference. One
of the most important tuning parameters is the outlier rejection threshold en. A
low outlier rejection threshold (ep < 1 meter) will increase performance, but when
the number of detections is low, the scan matching does not find any matching
landmarks at all. In sequence 1, at around 40 seconds, the scan matching using
landmarks does not find any correspondences (see Figure 4.1a for the number of
points over time). In sequence 3 the scan matching does not find any matching
detections (or landmarks), at all. Looking at sequence 1 for the first 40 seconds
results in the estimations seen in Figure 4.18. This is for N,,;,, = 5, €4 = 0.8 and
eo = 0.75. Sequence 2 is shown in Figure 4.19, with the same thresholds. Looking
at Figure 4.18, it is clear that the best result is made when using the landmarks.
Using all detections or the core points, results in a similar performance, with an
inability to estimate the turn correctly. The same pattern for all detections, core
points, and landmarks is also found in Figure 4.18.
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(a) SM using all detec- (b) SM using the core  (¢) SM using the land-
tions points marks

Figure 4.18: Estimated trajectory over 40 seconds sequence 1 using scan matching
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Figure 4.19: Estimated trajectory over entire sequence 2 using scan matching

4.8 Estimation of trajectory

The trajectory has been estimated using different types of measurements. All esti-
mations were done using the extended Kalman filter and a coordinated turn motion
model. Since no ground truth of the trajectory exists, we evaluate the accuracy visu-
ally as well as compare the final position of the estimated trajectory to an endpoint,
estimated from camera images. Since the scan matching only works for the first 40
seconds of sequence 1, this is what is analyzed from this sequence. The tuning of
the filter is also performed on this sequence. The estimated trajectories in sequence
1 are plotted in Figure 4.20. The innovation for the variables and the different EKF
are visualized in Figure 4.21. The innovation can be seen as the error that the EKF
is trying to minimize, and is affected by our tuning. The trajectory from sequence 2
can be seen in Figure 4.22 and the innovation plots in 4.23. Sequence 3 could not be
analyzed because of the low number of detections in the beginning. Using the two
fused measurement models described in section 3.1.3.3 results in two innovations
for every variable in our state vector. One using the state vector from the scan
matching and INED (subfigure (c¢)) and one from the state vector from the EKFyy
(subfigure (d)). The error in distance between the final position and the endpoint
can be seen in Table 4.3.

Starting with a look at the trajectory estimated with IMU data in sequence 1, it
has a clear drift. Using radar data instead makes the estimation fairly good but the
turn is a little slow. Combining the two information sources results in a mixture of
the two, and a good estimation. Looking at the innovation plots, most variables are
centered around zero. The variables in the innovation plots have different units, for
example the IMU in Fig 4.21b, has the velocity in [m/s] and w in [rad/s]. This makes
the plots a bit hard to read, since variables with different units are included. The
fusion of radar and IMU makes the innovation for the velocity "work against each
other" as seen in subfigures 4.21c¢ and 4.21d. Looking at the estimated trajectories
for sequence 2 in Figure 4.22, it is not as obvious which estimation that gives the
best result. Both the separate IMU and radar EKF estimates the trajectory quite
well, but the fused version performs better and is more robust. Table 4.3 confirms
that the combined EKF' is most accurate.
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Table 4.3: Table over the distance error in the final step of the estimated trajec-
tories

Error Error
Method Sequence 1 | Sequence 2
[m] [m]
Scan matching 11.31 2.34
EKF scan matching 11.32 2.88
EKF SM + INED 3.70 2.25
EKF IMU 7.66 3.33
EKF SM + INED + IMU 1.37 1.08

4.9 Point cloud map

With the optimal trajectory, using all the available information, the filtered detec-
tions are transformed to the estimated position and plotted in Figure 4.24a and
4.25a. Using all landmarks instead of the filtered detections results in the plot in
Figure 4.24b and 4.25b. As expected, using landmarks results in a more sparse rep-
resentation. Both versions of the first sequence are a good visual representation of
the actual surroundings. Individual cars and objects can be observed, but the wall
of the big building is not 100 % straight. The second sequence is not as good, as
some of the surroundings are observed twice, both in the beginning and at the end
of the sequence. Here the individual cars are not distinguishable, but the outlines
of the parking lot are similar to the true surroundings.

Point cloud map Point cloud map
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60 60 1

404 40 4
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(a) Using filtered detections (b) Using landmarks

Figure 4.24: Trajectory estimation and point cloud representation of sequence 1
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Figure 4.25: Trajectory estimation and point cloud representation of sequence 2

4.10 Occupancy grid

An occupancy grid is created for both the static detections and the dynamic detec-
tions. These binary grids, which represent the objects, are merged to create a map
representing the whole environment. All estimations in this section are done using
sequence 1. Different cell sizes were investigated and a final cell size of 0.01 m? is
used. This requires some computational power but results in a detailed view.

The occupancy grid was created to map the environment. This section describes
what the grid looks in the different steps. This is done for both the radars and
the ultrasonic sensors. From each time step, a log-odds probability grid is created,
which describes how the environment looks, using only one scan. Figure 4.26 shows
an example of a log-odds probability grid from one scan for both the radars and the
ultrasonic sensors. The black area has a high log-odds value and is more likely to be
occupied. The white cells have lower log-odds values and are more likely to be free
space. The gray area has a log-odds value of 0, which means that it has the same
probability of being free as being occupied. Since there are few detections per scan,
this representation is very sparse.
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Figure 4.26: An example of the log-odds probability grid from a single scan using
radar and USS. The white area is assumed to be free space, the black is assumed to
be occupied and the gray has not been seen.

By using the trajectory, the grid is updated with more scans and which means a bet-
ter representation of the environment. The trajectory that is used is the estimation
where IMU and radar data were fused from Section 4.8. The log-odds probability
grid from each time step was added on top of each other to get the total log-odds
probability grid. In Figure 4.27, the total grid is visualized, which is more detailed
and with more shades of gray.
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Figure 4.27: Log-odds probability grid from multiple scans in sequence 1 for both
radar and USS. The darker it is, the higher probability it is that it is occupied.

From the total log-odds probability grid in Figure 4.27, the binary grids are created.
By selecting the cells with log-odds values under 0, the grid representing the free
space is made. This binary grid is shown in Figure 4.28a for the radars. Since the
radar signal can penetrate objects, this free space is estimated to be larger than it
really is. For example, when a signal goes through a car and reflects on the other
side. Then this area is classified as free space when it should be occupied. A binary
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grid containing the occupied cells is created by selecting the values over 0, which is
shown in Figure 4.28b.
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Figure 4.28: Binary occupancy grid using radar in sequence 1

The binary grid for the ultrasonic sensors is presented in Figure 4.29. Since the
range of the ultrasonic sensors is shorter than the radars, the number of detected
objects and free space is much smaller.
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Figure 4.29: Occupancy grid using ultrasonic sensors in sequence 1

Subfigures 4.28a and 4.29a are both representing the free space of the whole se-
quence. Subfigures 4.28b and 4.29b show where objects are located. When using
radars, more information about the environment is found. Since the radars have a
longer range, it collects information from objects further away. It also gives more
details about the environment, since the exact position of the detections is known.
The benefit of USS is that it estimates the objects to be denser. The binary grid
representing the objects in Figure 4.29b, is more compact and does not contain as
much details as for the radars in Figure 4.28b.
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4.11 Free space classification

To estimate the final free space, the binary occupancy grid that represents objects
is used. To make the analysis fairer, the radars are evaluated within both the full
range of 20 meters, as well as 5 meters, which is the same range as the USS.

In figures 4.30, 4.31 and 4.32, two time-steps of free space estimations from sequence
1 and 2 are visualized in white, together with the map from Google maps in blue.
The radar with 20 meters range classifies a much larger free space than the USS
and the radar with 5 meters range. The estimation from the radars gives a more
detailed representation of the environment. However, the free space from the radar
with 20 meters range is less accurate than the USS and radar with 5 meters range.

1000

Cell index
Cell index

1100

1200

1300

100 200 300 400 500 600 600 700 800 200
Cell index Cell index

(a) Sequence 1 (b) Sequence 2

Figure 4.30: A visualization of the free space estimation using radars with 20
meters range.
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Figure 4.31: A visualization of the free space estimation using radars with 5 meters
range.
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Figure 4.32: A visualization of the free space estimation using USS

To analyze the performance of the free space from the different sensors, the numerical
method from Section 3.3.2 is implemented. The values that are analyzed, are the true
free space, false free space, true occupied area, false occupied area, total correctly
classified area, and the total free space area. One indicator of the performance is
the total classified free space area. In Table 4.4, the average classified free space
area of sequences 1 and 2 is presented. When the radar’s full range is used, it gets a
considerably larger free space area than the other two, which is expected. The USS
and the radar with a 5-meter range get a similar result, with the USS managing to
classify a bit larger area. This could be because of the number of sensors and their
positions.

Table 4.4: Average classified free space area for sequence 1 and 2

Sequence

Area classified
with radars, 20
meters range [m?]

Area classified
with radars, 5
meters range [m?]

Area classified
with USS, 5

meters range [m?]

Sequence 1

607.72

86.06

99.10

677.12

76.17

84.44

Sequence 2

In Figure 4.33, the percentages of each estimation for sequence 1 are plotted over
time. All percentages that are presented are dependent on the size of the field of
view. For the first 2.5 seconds, the free space for radar with full range classifies
more wrong than it classifies correctly. The false free space is high in the beginning
but decreases in the first 7 seconds. The reason why this happens is because of the
few detections at the beginning of the sequence. In Table 4.5 and 4.6, the average
percentages for radars and USS for sequence 1 and 2, are presented. The total
correctly classified area, which is also presented in Table 4.5 and 4.6, is the sum
of true free space and true occupied area. The radar with a 5-meter range has the
highest percent of correctly classified cells, followed by the USS and then the radar
with full range.

56



4. Results

100

80 1

60

40

Percent of field of view

204

—— True free space
—— False free space
—— True occupied
—— False occupied

0.0 2.5 5.0 7.5 10.0 12.5 15.0
Time (s)

(a) Analysis of estimated free space

for radar within 20 meters

100

17.5

percent of field of view

100

80 1

60 1 — True free space
—— False free space
—— True occupied
04— False occupied

0.0 2.5 5.0 7.5

10.0 12.5 15.0 17.5
Time (s)

(b) Analysis of estimated free space

for radar within 5 meters

Percent of field of view

80 /\/\’/f
60 1 —— True free space

—— False free space
—— True occupied
| —— False occupied

T
0.0

T T T
25 5.0 75 100 12.5

Time (s)

T T
15.0 17.5

(c) Analysis of estimated free space
for USS for sequence 1

Figure 4.33: Analysis of the correctly classified cells of the estimated free space

for USS for sequence 1

Table 4.5: Average percent correctly and incorrectly classified cells, for each sensor

and range, for sequence 1

Radar with 20 | Radar with 5 | USS with 5
meters range | meters range | meters range
True free space 26.11 % 82.77 % 78.41 %
False free space 19.79 % 2.93 % 4.73 %
True occupied 46.61 % 3.28 % 4.34 %
False occupied 7.49 % 11.02 % 12.51 %
Total correctly classified | 72.72 % 86.05 % 82.75 %
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Table 4.6: Average percent correctly and incorrectly classified cells, for each sensor
and range, for sequence 2

Radar with 20 | Radar with 5| USS with 5
meters range | meters range | meters range
True free space 26.77 % 77.89 % 69.09 %
False free space 24.40 % 2.81 % 1.75 %
True occupied 45.16 % 13.12 % 16.86 %
False occupied 3.67 % 6.18 % 12.30 %
Total correctly classified | 71.93 % 91.01 % 85.95 %

These two final tables can be seen as the major indicator of the performance of the
free space estimation. Using radar with 5 meters range results in a higher percentage
of total correctly classified cells, for both the tested sequences.
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5.1 Analysis of results

The major factor influencing our result of the radar is the inconsistency in the
number of detections, presented in Section 4.2. Sometimes less than 50 combined
detections were obtained from the 4 radars, in a single time step, which is very low.
The circumstances are ideal, driving in a parking lot at a relatively low speed with
lots of parked cars. This is a typical setting when free space estimation is needed.
When driving at the same location with the same environment multiple times, it is
expected that the radars would get approximately the same number of detections,
but this is not the case. The inconsistency, together with the sometimes low num-
ber of detections, makes the radar unreliable. The vehicle’s velocity over time was
compared to the number of detections over time to see if there existed a correlation,
but none could be found.

The dynamic filtering works well. When standing still and the dynamic detections
are less than 50%, all the detections with a Doppler velocity of zero will be correctly
classified as static. The threshold e does not play an important role when the car
stands still. However, when driving, ¢ has a greater impact on the performance.
With a threshold of 0.3 m/s, the result is reasonable with a high number of inliers
to estimate the velocities and angular velocity, as well as correctly classifying ob-
vious dynamic detections. As seen in Section 4.6 the INED estimations get worse
with a low number of detections. The sequences used for testing the dynamic filter
are quite basic and more extensive testing would be needed for a more thorough
analysis, but the result is promising.

The scan matching with landmarks and outlier rejection produces good results.
Once again, it needs a minimum number of detections to work. One of the tun-
ing parameters with a large impact on the result is the outlier rejection threshold.
With a low threshold, the scan matching performs better. However, it gets more
vulnerable to the number of detections. Since the vehicle is driving at low speed,
the distance changed between two time-steps is short and the landmarks only move
a short distance between scans. Our method overcomes the problem that radar data
is noisy and contains outliers. The fact that the method does not work when the
number of detections is low, is however concerning.

When it comes to the extended Kalman filter, looking at the innovation plots in Fig-
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ure 4.21 and 4.23, we see that the errors are centered around zero, and the filter is
working. Combining the scan matching and INED results gives a good performance
compared to the IMU. This is impressive considering the 10 times faster sampling
rate of the IMU. Combining all available data improves the result, reducing the drift
from the IMU. One thing to note is that an optimal Kalman filter assumes white
Gaussian noise, and the x and y positions estimated from the scan matching are
dependent on the previous positions. This means that the noise is not independent
of the previous state estimate, and the filter might not be optimal. However, by
looking at the innovation once again, it can be confirmed that the error is minimized
which means that the filter is working.

Our method of evaluating the free space estimations shows promising results. Check-
ing the true and false free cells as well as the true and false occupied cells gives a
concrete and measurable result. Table 4.5 and 4.6 show that evaluation within a
range of 5 meters instead of the full 20 meters range for the radars gets a higher
percent correctly classified free cells, while the USS has a higher percent correctly
classified occupied cells. Using the estimations for the radar’s full range cannot com-
pete with the other option when it comes to percentage but classifies a lot more area.
Since the radars also distinguish more details about the environment, we believe it
has more potential for improvement than the USS.

5.2 Comparing different sensors

Comparing different sensors with different specifications is difficult. A radar detec-
tion contains a lot of information, while a USS only outputs a range. Both have
advantages and disadvantages. Radar data is enough to estimate the trajectory of
the vehicle. With radar data, dynamic objects can be detected and filtered out.
With USS data, the free space can be estimated well in the first time step.

In sequences 1 and 2, which are used to test the free space estimation, the environ-
ment is static. Having a dynamic setting would not lead to a valid result for the
USS, since there is no method of filtering dynamic objects. The grid map over time
would be distorted and could not be used with good results. This is a disadvantage
and using the USS in a realistic scenario would require a different method. Using
the static setting makes a valid comparison between the two sensors but does not
put a lot of pressure on the dynamic radar filter.

One choice that had to be made was how to interpret the radar data. All detections
are classified as objects, but it is not 100% obvious how to handle areas with no
detections. It could be classified as free space, or it could be classified as occupied
since it is unknown. If there is a visible object in that area, we would get detection of
the object, and the choice was made to classify an undetected area as free space up
to the maximal range of the radar. Doing the opposite would result in an often tiny
free space area, given the occasionally low number of radar detections. However,
objects that are hard to detect in the field of view are now incorrectly classified as
free space and can be a source of error.
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The free space estimations are made in 2D. This is because of the low dimensional
data from the USS. Compressing the radar detections between a certain interval
in the z-axis, to go from 3D to 2D, is not optimal but has been done to get a
comparable result. The parking lot used for the data collection is quite flat and
works to compress into the 2D plane. However, if we were to drive in for example a
multi-level parking garage, our method will face problems and needs to be extended.

5.3 The uncertainty of the ground truth

Our method of creating the occupancy grid from Google maps, used as the ground
truth, works well. However, there are a lot of uncertainties. The parking lot used
for the data collection is an ordinary parking lot. The lot contains curbs, sidewalks,
grass, small bushes, etc., and the entire lot is surrounded by a chain-link fence. The
fence is see-through meaning that the radar will receive detections from the fence as
well as objects on the other side. The grass and sidewalk are classified as occupied
in our map. With the definition that free space is the same as drivable space, this is
reasonable. But since it is only a small curb separating the grass or sidewalk from
the road, it is very difficult to use radar or USS data and see these areas as separate.

To be able to connect the Google maps grid with our estimations of trajectory and
free space, the starting position and heading had to be estimated. Camera images
were collected from the data collection of the different sequences, and these were
used to estimate where the vehicle started and at which angle. Trying to pinpoint
the position of the origin (the center of the rear axle) and add this to a satellite
image of the parking lot, will not be perfect. Therefore, the result of the trajectory
and free space should not be interpreted as the exact number of how well it performs.
Instead, what we get is a fair comparison between the different methods with the
same preconditions.

5.4 Further development

The different methods used in this thesis have been evaluated separately and on
a limited amount of data. To properly evaluate and compare the methods, more
profound testing must be done. Different weather conditions and settings should be
used to show the robustness of our methods.

The algorithms are at the moment not fast enough to be performed in real-time.
The highest computational complexity is the RANSAC algorithm, connecting the
correspondences in the scan matching, and generating the occupancy grid with small
cell sizes. Using landmarks for the scan matching lowers the computational time
considerably, but additional analysis of the performance needs to be done for the
algorithm to run in real-time.

A lot of parking lots are flat and suitable for our solution. However, parking lots
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with large height differences are not suitable for how we estimate the free space.
This needs to be investigated further before commercial use.
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Conclusion

This thesis investigates the performance of a new 4D short-range radar to see if it
could be used instead of USS to estimate the surrounding free space in low-speed
scenarios. Knowing the elevation of radar detections as well as the range, azimuth,
and Doppler velocity opens up new potentials, including an increased ability to es-
timate the trajectory. However, for the solution to be more robust, the number of
detections for each scan has to be more consistent. The field of use for radar data
greatly exceeds the field for USS data, but both have advantages and disadvantages.
The ability to filter out dynamic objects and update a static map over time makes
the radar method more agile. The amount of information from the radar also enables
trajectory estimations with results comparable to the IMU sensor. Analyzing the
free space estimations, it is clear that the performance, using the same maximum
range, is similar between the two sensors, but with a small advantage for the radar.
There is a short period at the beginning of each sequence when the radars estimate
the free space worse than the USS. This can be explained by the low number of de-
tections at the beginning, which is not enough to create an accurate representation
of the environment. However, the USS has good estimations from the very first time
step.

Since no clear ground truth existed, a method for generating a ground truth was
created to evaluate the estimations. Even though the ground truth may not be 100%
correct it allows for a fair comparison. A metric to analyze free space and compare
estimations from different sensors with different specifications was also produced,
using a percentage of true and false classified free cells as well as true and false
classified occupied cells.

With the methods used, we conclude that the radar outperforms the USS. Table
4.5 and 4.6 clearly show that the radar has a better performance with a higher
percentage of correct classified cells when using the same range as the USS. The
fact that the radar is still under development, makes the possible potential even
higher, and should the problem with the low number of detections be solved, the
performance of the radar could be increased additionally. Further development and
more testing are needed before commercial use.
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