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Abstract

Accurate ego-motion estimation is essential for autonomous and assisted driving in
heavy-duty vehicles. This task becomes particularly challenging in scenarios where
traditional sensors, such as wheel speed encoders, are unreliable. Additionally, a
good understanding of the road characteristics, such as slope, is critical to ensure
safe and efficient vehicle operation. This thesis addresses the mentioned challenges
through a method that fuses measurements from ground-speed radars and an Inertial
Measurement Unit (IMU). The proposed method jointly estimates vehicle motion
and road attitude, while accounting for issues such as IMU bias and multirate sensor
data.

The main contributions of this thesis are the estimation of road slope angle and
a method for estimating IMU accelerometer biases. The road slope is estimated
through pseudo-measurements derived from the vehicle’s translational velocity. Mean-
while, the IMU accelerometer biases are estimated by employing a tilted IMU con-
figuration. This setup enhances the observability of the biases, leading to improved
filter convergence and estimation accuracy during typical driving maneuvers.

The proposed method is evaluated using simulated data generated with IPG Truck-
Maker (TM), a high-fidelity simulation environment that enables controlled, repeat-
able experiments across diverse driving scenarios. A Monte Carlo (MC) analysis
is performed using multiple sensor configurations, allowing statistical assessment of
system consistency and robustness. The results demonstrate that the filter reliably
estimates vehicle velocity, attitude, and the road slope angle despite the presence of
sensor noise and bias. These findings support the effectiveness of using a minimal
radar setup in combination with a tilted IMU to enable robust and accurate ego-
motion estimation in heavy-duty vehicle applications.

Keywords: Ego-Motion Estimation, Ego-Pose Estimation, Sensor Fusion, Ground-
Speed Radar, Inertial Navigation, Extended Kalman Filter, Inertial Measurement
Unit, Bias Estimation, Multirate Updates, Road Attitude Estimation.
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1

Introduction

Reliable estimation of a vehicle’s ego-motion and ego-pose is essential for safety-
critical systems in modern heavy-duty vehicles. Traditional approaches, relying on
wheel encoders, are unreliable in scenarios involving wheel slip or surface irregular-
ities. To overcome these limitations, this thesis proposes a sensor fusion framework
that combines measurements from ground-speed radars and an Inertial Measure-
ment Unit (IMU).

To address these challenges, this work investigates a multi-sensor fusion approach
grounded in well-established estimation theory. By leveraging the complementary
characteristics of radars and an IMU sensor, the proposed method aims to deliver a
robust and accurate estimation of vehicle motion and attitude. The system is evalu-
ated with a range of dynamic driving scenarios, including slope transitions, turning
maneuvers, and acceleration events.

This chapter outlines the motivation and background of the thesis, states the re-
search objectives and questions, and defines the scope and limitations of the study.

1.1 Background

Modern vehicle control systems depend heavily on accurate real-time knowledge of
ego-motion relative to the environment. This information is crucial for enabling
safety systems such as anti-lock braking systems, adaptive cruise control, and ad-
vanced driver-assistance systems.

Traditional ego-motion estimation techniques use wheel encoders, which estimate
ego-motion based on mechanical rotation. While effective in controlled conditions,
these systems degrade under dynamic scenarios where issues such as wheel slip or
lateral displacement are present. Because these methods measure relative wheel ro-
tation rather than actual ground-referenced ego-motion, their reliability diminishes
in low-friction or irregular situations [1].

Ground-speed radars address these limitations by directly measuring the vehicle’s
motion relative to the ground using the Doppler shift phenomena. These sensors
operate independently of wheel dynamics, offering improved robustness under ex-
treme maneuvers and challenging surface conditions.
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A sensor that can provide complementary measurements is the IMU which provides
high-frequency measurements of the translational acceleration and angular velocity.
Although IMUs offer essential dynamic information, over time they suffer from drift
and cumulative error in the absence of external references.

Together, radar and IMU sensors offer complementary strengths as the radar pro-
vides drift-free velocity data, while the IMU enables fast, orientation-aware mea-
surements. When fused, these data sources support accurate ego-motion and ego-
attitude estimation.

This thesis develops a sensor fusion framework that combines ground-speed radar
and IMU measurements to estimate vehicle motion and orientation in dynamic driv-
ing scenarios, including turning, acceleration, braking, and slope transitions.

1.2 Objective and Purpose

The main objective of this thesis is to design and evaluate a sensor fusion frame-
work for estimating the ego-motion and ego-attitude of a heavy-duty vehicle using
multiple ground-speed radars and an IMU with six Degrees of Freedom (DoF). In
addition to vehicle kinematics, the framework is designed to estimate road-related
features, such as the road slope angle.

The proposed solution must be resilient to sensor imperfections, including mea-
surement noise, static bias, and fixed internal misalignment. Moreover, it aims

to provide probabilistic estimations that include confidence intervals, to allow for
performance evaluation.

1.3 Research Questions
This thesis addresses the following key research questions:

1. What are the strengths and weaknesses of combining radar Doppler velocity
and IMU measurements for ego-motion and ego-attitude estimation?

2. How can fused estimates of ego-motion and ego-attitude be used to derive road
geometry characteristics such as slope and bank angles?

3. In what way do sensor imperfections, such as bias and noise affect the perfor-
mance, accuracy, and robustness of the proposed estimation framework?

1.4 Scope and Limitations

This study is focused on the development and simulation-based evaluation of a sen-
sor fusion framework that combines radar and IMU measurements for vehicle state
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estimation. The system is intended for use in heavy-duty vehicles.

o Data Generation: All evaluations are based on synthetic data generated
using a high-fidelity simulation environment. Doppler velocity inputs are de-
rived from known ground-truth translational and rotational motion.

e Sensor Configuration: Sensor placement and orientation are assumed to be
fixed and known. No physical redesign or optimization of hardware is per-
formed.

o Environmental Conditions: The scope includes common road geometries
such as slopes and banked curves. External environmental factors like weather
or road surface variation are not considered.

e Sensor Models: IMU and radar measurements include additive white noise
and static biases. Calibration errors, misalignment, and scale factor devia-
tions are excluded. The radar measurements include Gaussian noise but not
systematic effects such as Doppler bias or beam misalignment.

« Radar Measurement Scope: The Doppler velocity is the only information
used from the radar sensors. Thus are Doppler range measurements disre-
garded.

1.5 Related Work

A wide range of methods have been proposed for ego-motion estimation using radar
sensors. In [2], the authors extend the single-radar approach of [3] by employing
multiple object-based radars to extract Doppler velocities from various spatial points
on the vehicle. Stationary targets are filtered using RANSAC, and motion is esti-
mated using Levenberg-Marquardt optimization. While effective, these methods are
susceptible to velocity-induced degradation and environmental dependencies. Ad-
ditionally, they rely on object detection, which differs from the ground-speed radar
approach employed in this thesis.

Radar-IMU fusion has been explored in small robotic systems using discrete-time
filtering methods [4]. These approaches typically focus on three DoF velocity es-
timation in visually degraded environments and are not designed for the full pose
estimation or complex dynamics of heavy-duty vehicles.

A continuous-time radar-IMU fusion approach using B-spline interpolation is pro-
posed in [5], which relies on radar detections of static landmarks for state updates.
While effective in improving temporal resolution, it introduces sensitivity to az-
imuth errors and requires complex modeling of external reference features. These
challenges are avoided in this thesis by using ground-speed radars that only detect
the Doppler velocity of the road relative to the vehicle and disregards external land-
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marks.

Recent work [6] presents radar-only ego-motion estimation using Doppler and range
data. Although effective in certain structured environments, the method lacks IMU
integration, making it more vulnerable to angular inaccuracies and environmental
variability. Furthermore, the lack of an IMU makes attitude estimation with regard
to the inertial frame impossible. This thesis extends such work by introducing a
radar-IMU fusion method capable of estimating vehicle motion, orientation, and
road slope with improved robustness and accuracy.

1.6 Thesis Contributions

This thesis advances radar-IMU-based ego-motion estimation by introducing a fu-
sion framework tailored to the dynamics and operational requirements of heavy-duty
vehicles. The proposed estimation architecture is modular and scalable.

It combines multiple ground-speed radars and an IMU to estimate vehicle motion
and attitude. Unlike object-based or simplified velocity approaches, this technique
relies on direct Doppler velocity and inertial measurements to produce drift-resilient
state estimates.

The method also estimates road geometry features such as road slope, extending
its functionality beyond motion estimation.
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Theory

This chapter presents the theoretical foundations used in the thesis, including the
modeling, sensor data processing, and estimation techniques used throughout the
thesis. It also introduces mathematical tools for sensor fusion, reference frame trans-
formations, inertial navigation dynamics, and radar measurement modeling.

The main concepts used throughout the thesis are Bayesian inference for state es-
timation, the handling of reference frames and kinematics for transforming sensor
data, and the treatment of sensor errors such as bias and noise. The chapter also ad-
dresses system observability analysis and simplifications made to make the problem
feasible within the scope of this thesis.

2.1 Foundations of Sensor Fusion

Sensor fusion refers to the process of combining measurements from multiple sen-
sors to estimate a system’s state. In this thesis, it is central to combining data from
ground-speed radars and an IMU to estimate the ego-motion and ego-attitude of
heavy-duty vehicles.

This section introduces the theoretical basis for sensor fusion, beginning with Bayesian
inference and proceeding to the Kalman Filter (KF') and its nonlinear extension, the
Extended Kalman Filter (EKF).

2.1.1 Bayesian Statistics in a Sensor Fusion Context

Bayesian statistics takes, previously known information into account when produc-
ing the posterior probability of an outcome.

Bayesian inference updates a prior belief about the system state based on new
measurements using Bayes’ theorem:

p(z[x)p(x)

(@) (2.1)

p(x|z) =

Y

where p(x|z) is the posterior probability of the state x given the measurement z,
p(z|x) is the likelihood, p(x) is the prior, and p(z) is the marginal likelihood [7].
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2.1.2 Kalman Filter

The KF is a recursive state estimation algorithm for linear, discrete-time systems
subject to Gaussian noise. It provides an estimate of the system states by sequen-
tially predicting and correcting the mean and covariance of the posterior distribution.
These two steps are taken using mathematical model and sensor measurements [7].

A linear state-space model is expressed as

X = FXk,1 + Buk,1 + Wg_1, (22)
Z — HXk + Vi, (23)

where:
— Xx: state vector
— F': state transition matrix
— B: control input matrix
— u: control input
~ w~ N(0,%,): process noise
— Z: measurement vector
— H: observation matrix
— v~ N(0,X,): measurement noise

Based on these models, the KF operates in two main phases, prediction and update:

Prediction step

Xpk—1 = FXp_qp—1 + Bug_1, (2.4)
Ppp_1 = FPk—l\k—lFT + X,

Update step

Y = 2 — HXppp-1, (2.6)
Sy =HPy;, H' +3,, (2.7)
K =Py H'S;, !, (2.8)
ik = Xpp—1 + Kiyr, (2.9)
P = (I — KiH)Py1, (2.10)

where K is the Kalman gain and y is the innovation, S is the innovation covariance,
X is the state estimate, and P is the error covariance matrix.

2.1.3 Extended Kalman Filter

The EKF generalizes the KF to non-linear systems by linearizing the process and
measurement models using first-order Taylor expansion. This allows the KF frame-
work to be applied in settings where linear models are insufficient. The EKF per-
formance depends, however, on the quality of the linearization and can degrade if
the system exhibits strong non-linearities [7].
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The system is modeled as

X = f(Xg-1,Up—1) + Wg_1, (2.11)
Z, — h(Xk) + Vg, (212)

where f(-) and h(-) are nonlinear functions for the system process and measurement
models, respectively. As in the linear case, the noise is Gaussian:

Wi_1 NN(O,Ex), Vi NN(O,Ey).

The EKF requires linearization using Jacobians:

- Fp = ST{ : Jacobian of the process model
Xk—1)k—1

- H;, = g—z : Jacobian of the measurement model
Ri|k—1

The two main phases the EKF operates in are the same as for the KF, prediction
and update:

Prediction step

Kijo—1 = f (Rp—1jp—1, Up—1), (2.13)
Pip1 = FePr_1p Fl + 2, (2.14)
Update step
Y = 2 — h(ﬁk‘k—l)y (215)
Sy = HyPyp HY + %, (2.16)
K = Py 1H; S, (2.17)
Xijk = Xpp—1 + Kiyr, (2.18)

2.2 Coordinate Systems and Kinematics

Precise definitions and consistent handling of coordinate systems are fundamental
to interpreting sensor measurements and modeling vehicle motion. Since different
sensors report quantities relative to distinct reference frames, this section introduces
the coordinate conventions used throughout the thesis. It describes the orientations
and relationships of these frames and explains how to transform quantities between
them.

2.2.1 Coordinate Frame Definitions

A reference frame defines the spatial context of a certain component of the sys-
tem, in which quantities such as velocity and orientation are expressed. In three
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dimensions, this is established by three mutually orthogonal unit vectors, typically
denoted as the x, y, and z axes. These vectors are used to construct a rotation ma-
trix that defines the frame’s orientation with respect to an inertial or local frame [8].

Common reference frames in dynamic systems include inertial, body-fixed, and in-
strument frames. These may be static or dynamic, depending on whether their
position and orientation change over time. The following provides a detailed de-
scription of each frame type.

Earth-based inertial frames include the Earth-Centered Inertial (ECI) frame, fixed
at Earth’s center with the z-axis aligned to the North Pole, and the Earth-Centered,
Earth-Fixed (ECEF) frame, which shares the same origin but rotates with the Earth.
For local navigation, a vehicle-fixed inertial frame can be defined in ECEF coordi-
nates using either North-East-Down (NED) or East-North-Up (ENU) conventions.
This frame’s orientation remains fixed while its position follows the vehicle’s move-
ment [9]. These frames are illustrated in Figure 2.1.

The body-fixed frame is rigidly attached to the vehicle and defined relative to a
point on the chassis. It moves with the vehicle, meaning its orientation and position
vary over time according to vehicle motion [§].

The instrument frame represents the sensor’s position and orientation relative to
the body frame. Its alignment may be static or dynamic depending on the mount-
ing configuration. Because it is physically mounted on the vehicle, its motion is
governed by both its local mounting and the motion of the vehicle as a whole [8].
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(d) ENU Frame

Figure 2.1: Visualization of the Earth-based reference frames. Top: global inertial
and Earth-fixed frames (ECI and ECEF). Bottom: local-level navigation frames
(NED and ENU). The image of Earth by DonkeyHotey is licensed under CC BY
3.0.

The relationships between these reference frames are described using rotation ma-
trices and translation vectors, which may be constant or time-varying depending on
the nature of the frames involved. For static frames, such as fixed sensor mounts,
these transformations are defined by fixed kinematic parameters like mounting po-
sition and orientation. In contrast, for dynamic frames the transformations evolve
over time based on the motion of the vehicle [8].

2.2.2 Vehicular Frame Standards

In vehicular navigation, several coordinate frame conventions are used to represent
a vehicle and its motion relative to the surrounding environment. This thesis follows
a widely adopted standard, ISO8855:2011, with an additional extension introduced
to support road estimation.
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Standard ISO 8855:2011 Convention

The ISO8855:2011 standard, introduced in [10], defines three hierarchical coordinate
frames:

o Inertial: A fixed global reference frame aligned with the ENU convention. It
serves as the inertial frame for absolute positioning and orientation.

o Intermediate: A local frame aligned with the road heading but excluding
road slope and bank. Its yaw may differ from the Earth frame depending on
the road heading.

o Vehicle: A body-fixed frame attached to the middle of the vehicle’s rear axle.
It shares the yaw of the intermediate frame but may differ in pitch and roll.

Extended Frame Structure

To support estimation of road characteristics, an extended frame structure was used.
This results in four reference frames:

« Inertial (£): A fixed global reference frame aligned with the ENU convention.
It is equivalent to the Inertial frame in ISO8855:2011.

« Navigation (n): A local frame aligned with the road heading but excluding
road slope and bank. It corresponds to the ISO8855:2011 intermediate frame.

« Road (7): A body-fixed frame aligned with the pitch and roll of the road
surface. It has the same yaw as the navigation frame.

o Body (b): A body-fixed frame aligned with the pitch and roll of the vehicle.
It has the same yaw as the navigation frame.

2.2.3 Rotation Matrices

Rotation matrices provide a framework for representing both rotational and trans-
lational relationships between frames. These transformations are with regard to the
frame from which they originate. When using FEuler angles, the rotation matrix is
typically constructed from a sequence of basic rotations about each axis. These are

defined as:
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1 0 0 Cop 0 S C¢ —Sw 0
Rx,qg =10 Cyp —S¢|, Ry,g = 0 1 0 y Rzﬂlf = Sy Cy 0 y (2.20)
0 s ¢4 —s9 0 co 0 0 1

where ¢, 0,1 are the roll, pitch, and yaw angles, respectively, and s, = sin(x) and
¢, = cos(x) are shorthand notations for sine, cosine, and tangent [11].

Denavit—Hartenberg Convention

The Denavit-Hartenberg (DH) convention provides a way to describe the relation-
ship between adjacent coordinate frames, primarily used in robotics. It also applies
well to vehicle systems, particularly when modeling sensors rigidly mounted to a
body. The DH method uses four parameters to describe each transformation:

Table 2.1: DH parameters.

Parameter Description

0; Joint angle (rotation around z;_;)
d; Link offset (translation along z;_1)
a; Link length (translation along x;)
a; Link twist (rotation around x;)

When the relationship between two joints are dynamic, 8; and d; vary. 6; varies for
rotational joints and d; varies for translational joints [8]. A contextually relevant
visualization of how the DH parameters is shown in Figure 2.2.

(a) Top view: DH parameters (b) Side view: DH parameters

Figure 2.2: Visualization of the DH parameters from two perspectives.

2.2.4 Angular Rate Transformations

The gyroscope in the IMU measures angular velocity in the body frame, denoted
as w®. However, these body-frame angular rates cannot be directly interpreted as
changes in Euler angles since the angular rates do not correspond to the same axes
as the Fuler rates. Accurate orientation estimation therefore requires converting
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body-frame angular rates into Euler rates using a transformation that depends on
the current orientation.

To perform this conversion, the relationship between body angular velocity and
the Euler rates must be established. Assuming a yaw—pitch-roll rotation order, this
transformation involves sequentially rotating the angular velocity vectors into the
appropriate frames. The roll rate ¢ is defined directly in the body frame. The
pitch rate 6 is determined by rotating the corresponding angular velocity compo-
nent about the body z-axis. Finally, the yaw rate w is obtained after rotating the
angular velocity about both the z and y axes.

Following the formulation in [11], the body-frame angular velocity is expressed as:

é 0 0
w® =10| +R, |0| + R ,R ,|0]. (2.21)
0 0

This relation can be compactly expressed using a inverse transformation matrix T
0

w® =T H®) 0], (2.22)
(G

where & = [(;5 0 wr and the matrix Tg' is defined as:

1 0 —Sp
Ty (®)= [0 ¢y cpsel- (2.23)
0 —s¢ cocy

To extract Euler rates from body-frame angular velocity, the regular transformation
is used:

¢
0| = To(®)w®, (2.24)
(0
where
1 S¢t9 C¢t9
T@(‘I’)I 0 Cop —S¢| - (225)
0 22 Co
cy cy

2.3 Sensor Errors and Limitations

Sensor imperfections are a significant source of uncertainty in measurement systems,
often limiting the overall accuracy and robustness of estimation and control. These
errors originate from both physical and electronic sources, and their impact varies
depending on the sensor type and operating conditions.
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Table 2.2 shows three common imperfections found in inertial sensors and Frequency-
Modulated Continuous Wave (FMCW). These imperfections will be addressed in this
thesis, and therefore the simulation method for each is also displayed.

Table 2.2: Common error sources in inertial sensors and FMCW radar systems.

Error Type Radar (FMCW) Accelerometer Gyroscope Simulation Method
Noise Thermal noise, phase noise White noise White noise Gaussian Noise
Jitter Sampling timing variation ~Minor timing uncertainty Minor timing uncertainty Gaussian Noise
Bias DC offset, calibration drift Static thermal bias Long-term drift Added DC-offset

2.3.1 Noise

Noise may have many sources in electrical systems. These range from quantitation
noise in signal converters, which occurs when sampling data from sensors, to white
noise stemming from the cables, sensor components imperfections, or electromag-
netic interference [12].

2.3.2 Jitter

Jitter, or clock jitter, is a type of error that occurs due to irregular sampling. This
irregular sampling is usually the result of an internal system clock that causes sam-
pling times to be non-uniform. This has a large impact on systems that have signals
with high amplitudes and frequencies since clock jitter may cause the system to de-
tect a very different value than the ground truth. However, over the Nyquist region
of the signal’s spectrum, the jitter is regarded to be white. It is unavoidable within
the Nyquist region [12].

2.3.3 Bias

Sensor bias is an offset of the output of a sensor. This affects all sensors and can
be detrimental to the performance of systems reliant on this bias. It is therefore
important to accurately estimate the bias to be able to compensate for it. There
are several methods of estimating bias, amongst them the least square method and
the Kalman Filter [12].

2.4 Sensor Physics and Models

Accurate modeling of sensor behavior requires an understanding in their function.
Inertial sensors, such as accelerometers and gyroscopes, rely on mechanical dynam-
ics to detect motion. Radar systems use electromagnetic wave propagation and
reflection, in combination with advanced signal processing techniques, to estimate
distance and velocity.

This section outlines the function of the sensors as well as the mathematical models
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used for each sensor type in this thesis. In the accelerometer and gyroscope subsec-
tions, focus is placed on the distinction between the true and inertial parts of the
measurements. The radar subsection presents the function of FMCW radars, along
with the role of signal processing in extracting target range and velocity.

2.4.1 Accelerometer

An accelerometer measures the specific force acting on a body. This includes both
the true inertial acceleration and the apparent force resulting from gravity, as expe-
rienced in the sensor frame. However, the accelerometer cannot distinguish between
these contributions, causing the measurement to be a combination of these and var-
ious sensor disturbances.

In accordance with Newton’s second law of motion, the specific force f® in the
body frame is given by

1
f(b) - % Z Fspeciﬁc = a(b) + g(b)7 (226)

where a® is the true inertial acceleration and g® is the gravitational acceleration,
both expressed in the body frame. However, since the measurement is not perfect,
a realistic model of the measured acceleration y, includes not only the specific force
expressed in (2.26), but also sensor errors

yo=a® +¢g® 4 b, +n,, (2.27)

where b, represents sensor bias and n, denotes additive noise, commonly modeled
as zero-mean Gaussian white noise [13].

The gravitational acceleration g® is typically transformed from the navigation frame
using a rotation matrix

g =R;g™, (2.28)

-
where g = [0 0 g} with g ~ 9.81 m/sz, and R} is the rotation matrix from
the navigation frame to the body frame.

2.4.2 Gyroscope

A gyroscope measures the angular velocity of a body, representing its rate of rota-
tion about one or more axes in the sensor’s frame. Gyroscopes operate by sensing
the Coriolis force induced on a vibrating proof mass. When the sensor undergoes
rotation, the Coriolis force causes a displacement of the mass that is orthogonal to
both the vibration direction and the axis of rotation. This displacement is propor-
tional to the angular velocity and can be detected electrically.
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In practical applications, the gyroscopic measurement is affected by sensor errors.
This is modeled by

Yo =w® +b, +n,, (2.29)

where y,, is the gyroscopic measurement, w® is the angular velocity, by, is the gy-
roscope bias and n,, is additive noise, generally assumed to be zero-mean Gaussian
white noise [13].

Since angular velocity is integrated over time to determine orientation, even small
errors in gyroscope measurements can lead to significant long-term drift. This makes
the gyroscopic sensor errors detrimental to the performance of most systems.

2.4.3 Radar

Ground-speed radars are downward-facing sensors that estimate a platform’s veloc-
ity relative to the underlying terrain. Unlike front-facing automotive radars, that
detects objects in front of the vehicle, ground-speed radars rely on the sensors rela-
tive velocity to the ground.

Both radar configurations use FMCW radar technology, that transmits a frequency
varied signal. The reflected signal is compared with the transmitted waveform to
produce a beat frequency f,, which encodes the range through the signal delay
T= Z—Cd, where d is the distance and c is the propagation speed of the signal [14].
For downward-facing radars with fixed mounting angles, the measured beat fre-
quency can be directly mapped to the platform’s relative ground speed. However,
performance may degrade in the presence of low-reflectivity terrain, steep tilt angles,
or adverse environmental conditions.

Although FMCW radar signal processing typically involves operations such as 2D
Fast Fourier Transforms (FFT), this thesis omits these details as it does not delve
into processing the raw radar signals. The radar is modeled as a velocity sensor.
An illustrative example of FMCW signal behavior is shown in Figure 2.3 where f;
is the beat frequency, f; is the Doppler frequency, and 7T}, is the modulation period
[15].
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Figure 2.3: Example of the transmitted and received FMCW signals.

2.4.4 Doppler Effect and Doppler Shift

The Doppler effect describes the change in frequency of a wave, that has been
transmitted and then received, due to relative motion between the transmitter and
the reflective surface. In radar systems, this results in a frequency shift called the
Doppler shift. This shift is directly related to the reflective surface’s relative radial
velocity with respect to the radar sensor.

The Doppler shift is, for the simple case where a single frequency is present, de-
fined as the difference between the received and transmitted frequency

fa = frx = frx, (2.30)

where f,; is the Doppler shift, fr, is the frequency of the received signal, and fry is
the frequency of the transmitted signal.

In FMCW radar systems, the transmitted signal is a sequence of chirps, signals
whose frequency increases linearly over time, like the example signal in Figure 2.3.
The echoes of these chirps are sampled to form a two-dimensional time-domain ma-
trix with two axes, the fast and short time axes. The fast time axis represents
samples within a single chirp, while the slow time axis represents the sequence of
chirps over time [15].

To retrieve both range and relative velocity information, a two-dimensional FFT
is applied to the fast-slow time matrix. The FFT along the slow time axis extracts
Doppler velocity components, and the FFT along the fast time axis resolves range.
This results in a Range—Doppler map, which reveals both the distance and relative
speed of the reflective surface.
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2.5 Concepts for Dynamic Modeling

This section examines the principles behind the modeling of system’s dynamics. It
first examines fictitious forces and accelerations that arise in non-inertial frames,
such as those affecting vehicle mounted sensors, with a focus on centripetal and
centrifugal accelerations. It also explores the Moore-Penrose inverse which is used
throughout the thesis.

2.5.1 Fictitious and Inertial Forces

Fictitious accelerations arise when motion is described relative to a non-inertial ref-
erence frame which is, one that is accelerating or rotating with respect to an inertial
frame. These accelerations do not result from physical forces but are introduced to
preserve Newton’s second law when applied in the non-inertial frame.

The most commonly encountered fictitious accelerations and their associated forces
include:

o Centrifugal Acceleration: An apparent outward acceleration experienced
in a rotating frame with constant angular velocity. It balances the real cen-
tripetal acceleration observed in the inertial frame.

o Euler Acceleration: The apparent acceleration experienced in a rotating
frame when the angular velocity is changing.

» Rectilinear Force: The apparent backward force felt in a linearly accelerat-
ing frame, such as when a vehicle suddenly speeds up.

o Coriolis Force: A fictitious force observed within a rotating frame that acts
on moving objects, causing their paths to curve relative to the surface of the
rotating system.

In this thesis, only the centrifugal and centripetal accelerations are considered, as
they are the most relevant in the context of rigidly mounted vehicle sensors.

Centripetal acceleration is a real force observed in the inertial frame whenever an
object follows a curved path. It acts perpendicular to the object’s velocity vector
and always points toward the center of the turn. If the object moves in a straight
line, there is no change in direction, and the centripetal acceleration is zero [16].
From the perspective of a rotating frame, the effect of centripetal acceleration is
counteracted by an outward fictitious acceleration known as centrifugal acceleration

[17].

The centrifugal acceleration acting on a point at position r relative to the axis
of rotation in a rotating frame with angular velocities w® is given by:

® = —w® x (W® x ). (2.31)

acentrifugal -
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In this thesis, sensor positions are assumed fixed relative to the rotating vehicle
frame, meaning r is constant. The corresponding velocity of the point in the inertial
frame is:

v = w® xr. (2.32)

Substituting this into the centrifugal acceleration expression, the real centripetal
acceleration experienced in the inertial frame can be expressed as:

age))ntripetal = w(b) X V(b)> (233)
since
b b
a((:e)ntripetal = _agezmrifugal' (234>

2.5.2 Moore—Penrose Inverse

The Moore-Penrose inverse, denoted AT and commonly referred to as the pseudo-
inverse, extends the concept of matrix inversion to rectangular matrices.

Given a matrix A € R™ ", the pseudo-inverse AT € R™™ is the unique matrix
that satisfies the four Penrose conditions [18]:

AATA = A, (2.35)
ATAAT = AT, (2.36)
(AANT = AAT, (2.37)
(ATA)T = ATA. (2.38)

These conditions are necessary for AT to behave like an ordinary inverse when A
is square and full-rank, while remaining well-defined for all real or complex matrices.

The pseudo-inverse provides the least-squares solution to the system Ax = b, given
by:

x = A'b. (2.39)

2.6 System Evaluation Theory

This section illustrates the theory behind the methods used to evaluate system per-
formance. The discussion begins with the principles underlying observability analy-
sis, which determines whether a system’s states can be inferred from the frameworks
state space model. Specifically, the tools for analyzing observability, including null-
space analysis and the observability Gramian, are presented to characterize estima-
tion limitations. Thereafter, the section summarizes the simulation tools used for
model validation, that is the TruckMaker (TM) environment. It then concludes by
outlining the function of Monte Carlo (MC) simulations.
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2.6.1 Observability in State Estimation

Observability refers to the ability to uniquely determine the state of a system from
its outputs over time.

For linear time-invariant systems in discrete time, consider the standard state-space
model:

X = FXk;—l + W1, (240)
Z, = HXk + Vi, (241)

where x;, is the system state, z, the observation, and F, H the system and observa-
tion matrices. The system is observable if the observability matrix

H

HF
o=\ " (2.42)

HFn—l

has full rank, equal to the number of state variables n.

For nonlinear systems, observability is often evaluated by linearizing the system
around a operating point. This simplifies the analysis and makes it possible to eval-
uate whether changes in the states lead to noticeable effects in the measurements.
In linear systems, observability is assessed by verifying that the observability ma-
trix has full rank. In both linear and linearized cases, observability is a property
of the system model even though the result for a linearized system depends on the
operating point [19].

2.6.2 Null-space Analysis of Observability

While classical observability analysis determines whether a system is observable as a
whole, it does not indicate which specific directions in the state space are unobserv-
able. Null-space analysis addresses this by identifying the subspace of states that
are indistinguishable from sensor measurements.

In the context of non-linear systems estimated with an EKF, local observability
is typically analyzed using a linearized observability matrix O. If there exists a
non-zero vector X,,; such that

Oxnull = 0, (243)

then X, lies in the null-space of O and corresponds to an unobservable direction.
Changes along this direction cannot be distinguished from the measurements.

For discrete-time, time-varying nonlinear systems, an alternative approach involves
the local observability Gramian:

W, = 0/ O, (2.44)
Wo Xnull = 07 (245)

19



2. Theory

where W, is the observability Gramian and k is the current time step.

If W, is not full rank, there exists a null-space for W, [20]. The rank deficiency of
the observability Gramian reveals the number of unobservable directions. However,
the significance of these directions depend on how the system evolves. If the state
remains orthogonal to the null-space directions, these may have minimal practical
effect. In contrast, if the system evolves along an unobservable direction, the state
components most aligned with the direction, cannot be reliably estimated.

This type of analysis supports robust filter design by revealing structural limita-
tions of a sensor configuration. It highlights conditions under which states may
become unobservable due to limited excitation or insufficient sensor diversity [21].

2.6.3 TruckMaker

TM, developed by IPG Automotive, is a simulation environment used for modeling
and testing the behavior of commercial vehicles. It provides a high-fidelity virtual
platform in which dynamic driving scenarios can be simulated with accurate repre-
sentations of physical vehicle behavior.

The environment supports both Software-in-the-Loop and Hardware-in-the-Loop
configurations, making it suitable for the development and verification of control
algorithms and sensor fusion systems.

The most feature used is the realistic simulation of any given situation with a real-
istic representation of a heavy-duty vehicle. This provides true values for the road
characteristics, velocities, and attitude of the vehicle. It does this with realistic
sensor models and complex vehicle-environment interaction [22].

2.6.4 Monte Carlo Simulations

MC simulations are a class of numerical methods that use repeated random sam-
pling to analyze the behavior of systems with uncertainty elements. In the context
of sensor fusion and state estimation, the method provides a way to evaluate the
performance of algorithms. This is particularly important in this thesis since the
sensors experience measurement noise and unknown sensor biases [7].

In theoretical terms, MC simulations allow an empirical assessment of a framework
given randomly chosen biases and noise variance. The approach involves generat-
ing multiple independent realizations of the same simulation, each influenced by
randomized noise and biases. The method is reliable in cases where the random
elements are the only varying elements, while the deterministic variables are known.
By analyzing the resulting state estimates, it can be observed how closely the pre-
dicted results align with the true values over several realizations of the simulation
[23].
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MC methods are especially useful when analytical tools such as observability analysis
are not practical to use due to system non-linearity or complexity.
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The methodology that was used in this thesis was structured into a set of devel-
opment stages, covering both the construction of the sensor fusion framework and
the preparation of simulation data for evaluation. The filter design process was
divided into three main phases, while the simulation setup and the data collection
were addressed in two parallelly developed phases. An overview of the development
workflow is presented in Figure 3.1.

To construct the complete fusion filter, the sensors were first modeled to link the
measurements to real phenomena. The radar sensors were modeled using a kine-
matic approach, producing both measurement equations and a pseudo measurement.
This modeling is described in Section 3.1.

Simultaneously, an EKF was implemented for processing data from the IMU. This
intermediate filter functioned as a standalone Inertial Navigation System (INS) fil-
ter, used to estimate motion states from IMU measurements alone. It served as the
base for the full fusion filter, and is presented in Section 3.2. After the completion
of the sensor modeling, the complete fusion filter was constructed by combining the
radar and IMU processing pipelines. The full filter structure and formulation is
described in Section 3.3.

Simulation data was used throughout the development process to test and validate
the various system components. This data was generated using the TM simulation
environment, which required custom design of test tracks and subsequent export
of simulation outputs. The procedure for designing these test tracks is presented
in Section 3.4.4, and the corresponding data collection and evaluation strategy is
detailed in Section 3.4.5.
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Figure 3.1: System development workflow and structure.

3.1 Radar Sensor Processing

Accurate interpretation of radar measurements depend on a thorough understand-
ing of how the sensor was configured and how it interacted with the vehicle’s mo-
tion. The theoretical background supporting this modeling is presented in Subsec-
tion 2.4.3.

The radar system employed in this thesis was an array of FMCW radars, where
the individual radars were mounted on the vehicle and oriented toward the ground.
This setup allowed the radar to measure both the range and the Doppler velocity
of a point on the ground intersected by the radar’s bore axis, that is the axis that
extruded straight out of the sensor. Under the assumption of proper signal process-
ing, only the radar’s mounting position and orientation relative to the vehicle body
frame affect the radar measurements.

3.1.1 Radar Kinematics and Placement

To transform radar measurements into the body frame, the relative positioning of
the radar sensors had to be defined. This was achieved by using the DH convention.
Furthermore, the use of the DH convention allowed for future extensions where the
cab may be modeled as a dynamic system.

Each radar sensor was described as a three-joint system. One from the body frame

to the sensor mount, and another from the sensor mount to the sensor head. The
corresponding DH parameters are listed in Table 3.1.
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Table 3.1: DH parameters for each radar sensor, modeled as sequential link trans-
formations from the vehicle body frame to the sensor head.

Sensor Link a[m] «af°] dm] 6[]°] Description
1 5.1 0.0 0.0 11.3 Body — Sensor Mount

Front Left 2 0.0 0.0 0.0 33.7 Sensor Mount — Sensor Head Yaw
3 0.0 45.0 0.0 0.0 Sensor Head Yaw — Sensor Head
1 5.1 0.0 0.0 —11.3 Body — Sensor Mount

Front Right 2 0.0 0.0 0.0 —33.7 Sensor Mount — Sensor Head Yaw
3 0.0 45.0 0.0 0.0 Sensor Head Yaw — Sensor Head
1 1.4 0.0 0.0 —135.0 Body — Sensor Mount

Rear Right 2 0.0 0.0 0.0 0.0 Sensor Mount — Sensor Head Yaw
3 0.0 45.0 0.0 0.0 Sensor Head Yaw — Sensor Head
1 1.4 0.0 0.0 135.0 Body — Sensor Mount

Rear Left 2 0.0 0.0 0.0 0.0 Sensor Mount — Sensor Head Yaw
3 0.0 45.0 0.0 0.0 Sensor Head Yaw — Sensor Head

These parameters were used to compute the position of the radar sensor head and
the ground point it observes relative to the body frame. These distances were com-
puted, within the body frame coordinate system, as follows:

« Position of the sensor mount relative to the body frame:

ay sin(§ — ay) cos(61)
ry = |apsin(§ —ay)sin(f0y) | . (3.1)
aycos(y — aq)

agsin(§ — ag) cos(f)
ry = |agsin(5 — az)sin(fy) | . (3.2)
agcos(y — ag)

Note that a, denotes the projection distance along the radar’s bore axis and was not
a DH parameter, as it canceled out when calculating the magnitude of the projected
Doppler velocity. The resulting sensor positions based upon these parameters are

visualized in Figure 3.2.
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Figure 3.2: Visualization of the sensor positions from two perspectives.

3.1.2 Doppler Velocity Equation

The relationship between the measured Doppler velocity and the vehicle’s transla-
tional and rotational velocities was given by

v = —v® — ® x (r, +1,), (3.3)

where Vg’) is the true relative velocity vector, v is the body frame translational

velocity, and w® is the body frame angular velocity vector.

To acquire the radar’s actual measurement, this vector had to be projected along
the radar’s bore axis
Vglb) T

17517

PTf-g (Vd) = (34)

This resulted in a model that directly linked body frame velocities to the radar
measurements.

For all n,.qqr sensors, the relationship was expressed in matrix form as

v®

)|+ 35

Prflg (Vd) = CnradarX6 |f4.7<

where C is an 1,444 X 6 matrix of projection coefficients. To recover the state from
radar measurements, the Moore-Penrose inverse of C was used,

v® T
w® | = Crrasurx6lr2,(Va) + 10, (3.6)

(3.5) were employed in both the radar measurement generation and the final filter
implementation, and (3.6) were used for testing and validation.
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3.1.3 Pseudo Measurement of Vertical Velocity

To estimate the road bank and slope with regard to the navigation frame (¢}, 0"), a
pseudo measurement was introduced based on the assumption of negligible vertical
motion in the body frame when its z-axis was parallel with the z-axis of the road
frame. This pseudo measurement was used to estimate the body attitude with re-
gard to the road frame (¢, 6%), which was used together with the body attitude with
regard to the navigation frame to calculate the road bank and slope with regard to

the navigation frame.

The velocity in the body frame was rotated to force its z-axis parallel with the
road frame using

v =Ry g R, g0 v, (3.7)

where R, 4 and R, g are standard rotation matrices, as described in Section 2.2.3,
for roll and pitch, respectively.

When assuming zero vertical velocity in the road frame, the pseudo measurement
was expressed by

0= U,S,T) + Tpseudos (38)

where v{") is the z component of the velocity vector in the road frame. This equation
acted as a nonlinear model used to estimate the vehicle attitude with respect to road
in the EKF. Note there is no noise term in this quantity since it is included in the
estimated variables.

3.2 IMU Processing and the INS Filter

The IMU used in this thesis was a six DoF' sensor with three orthogonal accelerom-
eters and three orthogonal gyroscopes. Several approaches exist for fusing measure-
ments from IMUs, including complementary filters [24] and various KF implemen-
tations [25, 26, 27]. In this thesis, an EKF was used, since it can handle systems
with moderate non-linearities.

The INS filter served as the base component of the sensor fusion framework. As
such, detailed tuning and noise modeling are deferred to the fusion filter. There-
fore, this section omits explicit covariance matrices, as the INS filter was intended
primarily for validation and development purposes.

3.2.1 INS State Definitions

The choice of state variables in the INS filter was determined by the quantities to be
estimated, which in this case, were the vehicle’s velocity, acceleration, attitude, an-
gular rates, and IMU biases. These quantities are visualized in Figure 3.3, however,
the figure includes all quantities that the final filter ought to measure and therefore
has more variables percent than in the INS state vector realization.
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(b) Front view: State variables

Figure 3.3: Visualization of the state variables from two perspectives.

Since the system operated without direct control inputs, the state vector was defined
as:

Xins = |w® (3.9)

L Y9z

where vg(gb% . are the body frame translational velocities, ©(%) _ the translational accel-

"E7y7z
erations, ¢° and € the roll and pitch angles with respect to the navigation frame,
wg’iz the rotational velocity components, and b and b

gyroscope biases, respectively.

)

o 9.4 Uhe accelerometer and
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3.2.2 INS Process Model

The process model was structured to independently capture the dynamics of trans-
lational and rotational motion. The translational states were modeled with the
assumption of constant acceleration, while the attitude dynamics were modeled us-
ing non-linear relationships between angular rates and Euler angles. This Euler
angle propagation model was based on the transformation between angular and Eu-
ler rates detailed in Section 2.2.4. The discrete-time prediction model was expressed
by

Vl(eb) = Vl(<:b21 + VIE;I)—)1 At +n,, (3.10)
v =¥+, (3.11)
¢Zk = ¢f’1k71 + wg?flAt + wé?ﬁl sin (¢2k,1) tan (szfl) At

+wl | cos (¢h, ) tan (65, ) At -+, (3.12)
Qfm = Hflk_l + w?sz)_l Ccos ( Zk_1> At — wgz)_l sin ( 2k_1> At + ng (3.13)
w =w + 1, (3.14)
ba, = by, + 1, (3.15)
by, =bg, , + s, (3.16)

3.2.3 INS Measurement Model

The measurement model was utilized in the update step which was used to update
state estimates based on the available IMU measurements, specifically the measured
angular velocities from the gyroscopes and translational accelerations from the ac-
celerometers. Due to sensor imperfections, these measurements deviated from the
true values.

The primary sources of deviation from the true values were the gravitational ac-
celeration, the centripetal acceleration due to rotation, and the sensor biases. All
three affected the accelerometers whilst only the sensor biases affected the gyro-
scopes. Effects such as Euler and rectilinear accelerations were considered negligible
in this context and are therefore omitted. The Coriolis force, which is only apparent
in non-inertial reference frames when observed from an inertial frame, was not mea-
sured by the sensor and was thus also excluded. The accelerometer and gyroscope
models were therefore expressed by

—sin(6°) vPw® — P ba,
Vo = v + |sin(¢?) cos(62) | 9.81 — |vWw® — v®@w® | + 16, | +1m,,  (3.17)
cos(@P) cos(68) vg’)wyb) — vyb)wg(f’) ba,
Wi b,
Yo = |@| + | b, | + N0 (3.18)
w? by.
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Accordingly, the complete INS measurement model used during the EKF update
step was

Yo =V + "¢}, 00) = v x w® 1 b, + 1, (3.19)
yo =w® + b, + 1. (3.20)

3.3 Fusion Filter Design

The fusion filter was based on the previously introduced INS filter. In contrast to
the INS filter setup, the fusion filter incorporated both radar and IMU measure-
ments. However, since radar measurements were received at a lower rate than the
IMU measurements, the filter had to accommodate multirate data availability and
maintain state estimates at a frequency equivalent to that of the IMU. This require-
ment resulted in the filter structure illustrated in Figure 3.4.

The switch in Figure 3.4 represents whether radar measurements were available
at a given time step. When available, radar measurements were used alongside
IMU measurements to update the state estimates. Otherwise, the INS update was
performed.

Prior

Prediction

Posterior Using Posterior Using
IMU Radar + IMU

Figure 3.4: Flowchart for the filter structure.
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3.3.1 State Vector and Process Model

The fusion filter’s state vector expanded upon the INS filter by introducing two
additional variables: the body roll and pitch angles with respect to the road frame,
denoted ¢2 and 6°. Due to observability issues described in the results, ¢2 was
removed and modeled as a Gaussian random variable, ¢® ~ N(0,0.03). The pitch
angle was modeled as a random walk variable and included in the state vector. The
state vector thus became

Xcomplete = 727) . (3 2 ]-)

These variables are visualized in Figure 3.3.

The prediction model closely mirrored that of the INS filter. The two radar orienta-
tion angles were treated as constant during prediction, consistent with the random
walk assumption. The discrete-time process model thus became

Vl(cb) = V;(Ql + V,(Cb_)l At +n,, (3.22)
v =¥+, (3.23)
Zk = Z,H + wg;)flAt + wé?ﬁl sin ( qu) tan (sz&) At
+ ng{l coS (gzﬁZkA) tan (9?%71) At + g, (3.24)
sz = sz_l + w?g?_l Cos ( flk_1> At — w%_l sin ( 'lf)lk—1> At + gy, (3.25)
00 =60+, (3.26)
w = w! +n,, (3.27)
bo, = ba,_, +m,; (3.28)
by, =bg, , + s, (3.29)
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3.3.2 Multirate Estimation Strategy

To account for the multirate arrival of sensor measurements, the fusion filter em-
ployed two forked update steps:

o INS update (high rate): Applied when only IMU data was available. The
prediction step was followed by a state update using the same model as in the
INS filter.

« Joint Radar-IMU update (low rate): Triggered when radar data was
available. Both radar and IMU measurements were used for the update, cor-
recting drift and improving velocity and attitude estimates.

This forked update structure ensured that the filter output estimates at the rate
of the IMU. It did this without significantly compromising performance due to the
drift-free nature of radar measurements [7, 28].

3.3.3 Measurement Model

Two measurement models were implemented:
o IMU model: Used when radar data was not available. The IMU was assumed
to be mounted at a a° pitch downward and 5° roll to the right. « and f
were set depending on how the IMU was to be configured. In this thesis, two
configurations were used, one where a = § = 0° and one where a = § = —45°.
The rotation matrix was thus

Rso = R, R, 0. (3.30)

The accelerometer and gyroscope measurements were modeled as
Yo =Rgo (V0 + g2 (), 05) = v® x w®) + b, +n,,  (3.31)
Yo = Rgaw® + b, + 1. (3.32)

e Radar-IMU model: Used when radar data was available. In addition to
(3.31) and (3.32), radar Doppler measurements and a pseudo vertical velocity
constraint were included resulting the extension of two additional equations

v
yr=C w® | T (3.33)
0= U,gr) + Npseudo- (334>

3.3.4 Road Orientation Estimation and Covariance Propa-
gation

The relative orientation between the road surface and the inertial frame was captured

by the angles ¢; and 0, representing the road roll and pitch with regard to the

navigation frame. The nominal values of these were the results from rotations around
the x and y axes, respectively, and given by:
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Ry, =R, Ry, (3.35)
Ry = R, Ry, (3.36)

whereafter Ry; and Rg; were converted into Euler angles.

Since the body attitude with regard to the navigation frame (¢?, #°) and the body
attitude with regard to the road frame (¢%, 6°) were estimated quantities, it was
necessary to take their respective uncertainties into account when computing the
road attitude with regard to the navigation frame. To find the uncertainty of the
derived road attitude angles, the covariances of the estimated attitudes were com-
bined. The formula used considered both the variance of the individual angles and
the cross-covariances between them.

To acquire the formula for (3.35) and (3.36), the respective Jacobians Hy and Hy
are needed as well as the respective covariance matrices P4 and Py.

If the elements of the rotation matricies are defined as

R¢2(171) R¢2(1>2) Rd’fl(lag)_
Ry = |Ry:(2,1) Rer(2,2) Ryr(2,3)], (3.37)
R9£(171) RGIL(LQ) R@Z(lag)_
Ry = |Ro;(2,1) Ryr(2,2) Rer(2,3) (3.38)
RGT (37 1) RGZ (3a 2) R@IL (37 3)_
Then the equations used to find the Jacobians were
R¢1;L (3,2) R¢1;L (3,2) |
Hgb _ | Garctan W Odarctan W ’ (339)
o, o} |
R92(1,3) Rgz(lﬁ) 1
HG — darctan 7R97TL(1’1) darctan 7R92(1’1) ’ (340)
oy, 967 |
The equations used to find the covariances were
P, — | 9o Okt (3.41)
N P '
— | 9 o0
Py — [UM % ] (3.42)
Using these variables, the covariance matrices for the rotated variables were
Py, =H,P,H;, (3.43)
Py = HyPoH, . (3.44)

The resulting matrices were subsequently used to evaluate the uncertainty of the
road attitude with regard to the navigation frame. It important to note that since,
in this thesis’ filter realization, ¢® was unobservable, thus only (3.44) was used.
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3.3.5 Noise Modeling

Three noise covariance matrices were defined and manually tuned:

Y« = Process noise covariance
Yy, = Measurement noise covariance with IMU

Yy, = Measurement noise covariance with radar and IMU

These were empirically tuned, based on the expected measurement noise levels and
presented in Appendix B.

3.4 Simulation Framework and Evaluation Setup

The simulation framework developed in this thesis served as the base for evaluating
the performance and robustness of the proposed state estimation filter. Since real-
world sensor experiments were not within the scope of this study, a simulation-based
approach was adopted using TM to emulate vehicle dynamics and sensor behavior
under controlled and repeatable conditions.

This section outlines the methodology used to generate noisy radar and IMU mea-
surements, evaluate different sensor configurations, and assess the filter’s perfor-
mance using a MC-based analysis. It also details the test scenarios used to simulate
different driving conditions and describes the metrics applied to quantify estimation
performance.

3.4.1 Sensor Modeling and Simulation Setup

To generate realistic sensor measurements for evaluation, radar and IMU measure-
ments were found using the ground-truth motion states provided by TM. Although
TM supports virtual sensor emulation through RSIs, prior investigations [6] have
demonstrated that RSI-based radar modeling is inaccurate when radars are pitched
toward the ground to measure surface-relative motion. Therefore, a hybrid simula-
tion strategy was adopted to address this limitation.

At each simulation time-step, the true vehicle motion was projected onto the radar’s
bore axis direction using (3.5), as explained in Section 2.4.4. This ensured that the
projected Doppler velocity outputs were consistent with both translational and ro-
tational motion. Sensor placement geometry was parameterized using the DH con-
version and implemented using MATLAB. The radar velocity measurements were
assumed to be bias-free. Nonetheless, Gaussian measurement noise was included to
reflect environmental and hardware variability.

Inertial data was obtained from TM’s built-in ideal six DoF IMU model. Since
the raw IMU outputs were noise and bias free, these disturbances were applied in
post-processing. Gaussian white noise was added independently to each accelerom-
eter and gyroscope channel to model white sensor noise, such as jitter and thermal
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noise. In addition, constant bias offsets were applied to simulate static internal
calibration and manufacturing errors. These bias values were randomly sampled
from set intervals, of {—0.2,0.2} m/s2 for the accelerometers and [—0.1,0.1} rad/s
for the gyroscopes, at the start of each simulation run and held constant throughout.

This combined simulation approach enabled repeatable scenario testing, consistent
MC experimentation, and targeted analysis of estimation performance under known
sensor error conditions.

3.4.2 Radar Configuration Evaluation

To assess the minimum number of radar sensors required for body-frame velocity
estimation, a series of simulations were conducted with different sensor configura-
tions. Specifically, setups using one, two, three, and four radars were evaluated to
determine how sensor count influenced estimation accuracy and robustness.

For each case, a single scenario was used and used on the fusion filter. The only dif-
ference between the runs was the number of radars. The evaluation metrics, called
the Figures of Merit (FoM), RMSE, MAE, and MaxAE described in (3.45), (3.46),
and (3.47), respectively, were used to compare the runs and to evaluate the filter
performance.

3.4.3 Observability Analysis via Null-space Accumulation

To characterize the limitations of the filter, an observability analysis was performed
using the null-space of the discrete-time observability Gramian. In non-linear and
time-varying systems, the Gramian W, is often not full rank due to partial system
excitation. Consequently, this study focused on analyzing the accumulation of un-
observable directions over time.

At each time-step, the system process and measurement linearized Jacobians were
computed to form the local observability matrix. A local Gramian was then con-
structed, and its null-space was extracted to identify state directions that are unob-
servable. All local null-space directions were summed an normalized to acquire the
average directions over time. This was used to identify what states were unobserv-
able and how system changes affected which states were most effected.

To improve the observability of accelerometer biases, particularly along the x and
y axes, the IMU was mounted with a deliberate —45° pitch and roll. This orienta-
tion was hypothesized tp distribute the gravitational vector and the angular changes
across all three accelerometer channels, enhancing the filers ability to estimate the
ba, and b, bias states.
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3.4.4 Driving Scenario Design

To evaluate estimation performance under diverse driving conditions, a range of
test tracks were developed with TM. These tracks were designed to test the filter
on varied tracks with varied vehicle maneuvers, including straight-line motion, ac-
celeration events, and different turning maneuvers.

Five tracks were used in total:

o Steady-State Cruise Track: A straight, level road on which the vehicle
travels at constant velocity with no acceleration or turning. This track iso-
lated drift and sensor bias effects under steady-state conditions.

» Varied Velocity Track: A flat road with repeated cycles of braking and ac-
celeration. The vehicle periodically decelerates to low speed before resuming
motion. This scenario emphasized the filter’s ability to handle abrupt changes
in velocity.

o Uphill Track: The vehicle accelerates along a flat road, transitions onto a
10° incline, and then continues onto a level segment. This track tested the
filter’s ability to estimate changes in the vehicles pitch angle without changes
in other attitude states.

e Dynamic J-Turn Track: A straight segment is followed by a sharp, 5°
banked J-turn. The maneuver has strong lateral acceleration and moderate
roll. This track tested the filter’s ability to estimate changes in the vehicles
roll angle with small changes in other attitude states.

o Infinity with Bank Track: A figure-eight track with banked curves at each
loop, simulating continuous coupled roll and yaw dynamics. This track tested
the filter’s ability to handle turn transitions and complex motion.

3.4.5 Evaluation Metrics

The FoM used to evaluate the filter’s performance were computed for each state
variable across all runs and scenarios. These are explained in greater detail in [29)].

The FoM that were relevant in this thesis and their corresponding formulas are:

« Root Mean Square Error (RMSE): Measures average squared deviation,
emphasizing larger errors:

N
RMSE = J = S (&g — 1), (3.45)
N k=1

e« Mean Absolute Error (MAE): Measures average absolute deviation, ro-
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bust to outliers:
1 N
MAE = — Z |2 — k], (3.46)
N =

« Maximum Absolute Error (MaxAE): Captures worst-case deviation across
the simulation horizon:

MaxAE = max |2 — xp| - (3.47)
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Results and Discussion

This chapter presents and analyzes the key outcomes of the proposed method, link-
ing them to the research questions and design choices outlined earlier. The chapter
is divided into five sections, the first two explain foundational design decisions, while
the remaining three assess the filter’s performance under increasingly realistic and
challenging configurations. All results are influenced by stochastic sensor noise.

Section 4.1 explores the impact of the number of radar sensors on estimation quality,
validating the use of four radars in terms of observability and robustness. In Sec-
tion 4.2, the exclusion of ¢? from the state vector is justified, supported by evidence
demonstrating its non-observability and negligible effect on performance.

The filter performance evaluation begins with Section 4.3, establishing a baseline
scenario free of sensor or state biases. This serves as a reference to understand the
filter’s behavior under ideal conditions. Section 4.4 introduces realistic sensor biases
and analyzes the filter’s ability to estimate and compensate for them across various
driving scenarios.

The final section, Section 4.5, investigates a tilted IMU configuration, revealing
how the IMU orientation affects bias observability and filter convergence. This sec-
tion highlights the practical implications of sensor placement on filter performance
in real-world conditions.

4.1 Number of Radars

This section evaluates how the number of ground-speed radars influences the observ-
ability and accuracy of the state filter, particularly in estimating three dimensional
translational and angular velocities. Monte Carlo simulations were conducted using
one, two, three, and four radars, and the results were statistically aggregated across
runs. Table 4.1 presents the RMSE, MAE, and MaxAE metrics for the translational
and angular velocity variables.

The results revealed that estimation performance improved significantly with ad-
ditional radars, especially for translational velocity. The transition from two to
three radars lead to a large error metric reduction, reflecting improved observability
and reduced velocity uncertainty. When only a single radar was used, the system
became unobservable, as indicated by high RMSE and MaxAE values across all ve-
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locity components.

Beyond three radars, the improvements increased marginally. This suggested a
saturation effect once the system became sufficiently determined. These findings
aligned with prior studies [6], which indicated that three well-placed radars was
sufficient to recover three dimensional translational and angular velocity from radar
measurements.

It is worth noting that angular velocity estimates remained largely unaffected by
the radar count. This was expected since angular rates were primarily derived from
the IMU’s gyroscopes, which operates independently of the radar configuration. In
contrast, accurate translational velocity estimation depended heavily on high-quality
measurements from multiple radar units.

Importantly, this study fused radar and IMU measurements in a fusion-based esti-

mation framework. While the IMU contributed robustness, the radar system was
critical for achieving low-error velocity estimates.
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Table 4.1: FoM for translational and angular velocities across radar configurations.

Radars Category Variable RMSE MAE MaxAE
Vg 414.4425  351.2765  730.7039

Translational Velocities [m/s] wv, 550.3641  458.8107 1008.0860

1 v, 348.9044  299.9092  592.0472
Wy 0.0012 0.0009 0.0061

Rotational Velocities [rad/s] — w, 0.0020 0.0013 0.0201

W, 0.0036 0.0014 0.0412

Uy 65.4013 46.0968  151.6317

Translational Velocities [m/s] w, 0.0751 0.0584 0.3578

9 v, 106.4270 75.0048  246.7247
Wy 0.0015 0.0012 0.0067

Rotational Velocities [rad/s] — w, 0.0021 0.0014 0.0200

W, 0.0038 0.0018 0.0416

Uy 0.0360 0.0281 0.2152

Translational Velocities [m/s] v, 0.0720 0.0560 0.3438

3 v, 0.0455 0.0352 0.2822
Wy 0.0017 0.0014 0.0069

Rotational Velocities [rad/s] — w, 0.0022 0.0015 0.0202

Wy 0.0038 0.0018 0.0414

Uy 0.0324 0.0252 0.1976

Translational Velocities [m/s] v, 0.0637 0.0494 0.3205

4 v, 0.0376 0.0289 0.2548
Wy 0.0017 0.0014 0.0069

Rotational Velocities [rad/s] — w, 0.0022 0.0015 0.0202

Wy 0.0038 0.0018 0.0413

4.2 Exclusion of ¢}

Evaluation of the system showed that the roll angle relative to the road, ¢%, was
consistently unobservable across all tested configurations. This included scenarios
with and without sensor biases, and across various driving tracks. The only excep-
tion occurred under conditions of sustained and significant lateral velocity, which
are uncommon during nominal operation of large heavy-duty vehicles.

While small amounts of lateral motion slightly improved the certainty of ¢, the
improvement was insufficient. In realistic driving conditions, lateral excitation is

too limited to make ¢° reliably observable.

This conclusion was supported by observing that the estimated uncertainty of ¢°
consistently increased over time unless lateral velocity was present. The null-space
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analysis identified ¢? as an unobservable mode. These findings are visualized in
Figure 4.1 and 4.2.

True
———— Estimated
. 430

1 1 1 1 1 1 1 1
0 20 40 60 80 100 120 140 160
Time [s]

Figure 4.1: Estimated uncertainty of ¢? over time, showing divergence due to
limited lateral velocity.
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Figure 4.2: Accumulated null-space directions, highlighting that ¢’ lies in an
unobservable subspace.

As aresult, ¢? was excluded from the state vector and instead modeled as a Gaussian
random variable: ¢® ~ N(0,0.03).

4.3 Configuration 1: Unbiased IMU with Con-
ventional Orientation

This configuration was intended to establish a baseline for system performance under
idealized conditions. Specifically, beyond the conditions constant over all configura-
tions, it assumed that

« No bias terms were included in the state vector.
o All sensor measurements were free from systematic bias.

The filter’s behavior under these conditions was evaluated across five distinct driving
scenarios. These tracks are described in more detail in Section 3.4.4. For each
scenario, the results from a single realization will be shown. All estimated states as
well as the road slope will be presented once and thereafter only the attitudes will
be shown. The remaining figures can be found in Appendix A. In addition, for each
scenario, the FoM obtained from a 100-run MC simulation are presented in a table.
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4.3.1 Steady-State Cruise Track

The Steady-State Cruise Track served as an effective baseline for evaluating whether
the filter diverged from the true state under near-static conditions. It functioned
as the initial validation step to assess whether the filter was both well-structured
and well-tuned. In this scenario, the variables that were directly measured, namely,
the translational and angular velocities, were expected to be the easiest to estimate.
These variables were directly supported by sensor inputs and were thus expected to
converge rapidly and accurately.

Simulation results confirmed that the translational and angular velocities were esti-
mated with high precision throughout the duration of the track. The attitude of the
body frame with respect to the navigation frame converged to the true value quickly,
indicating effective performance of the filter in processing implied variables. How-
ever, the estimation of the body frame attitude relative to the road frame showed
higher uncertainty.

These finding are backed up by the result in the Figures 4.3 to 4.6, together with
the FoM in Table 4.2.

v, [mis]

True
— — — — Estimated
0 130 4

1 1
0 20 40 60 80 100 120

Time [s]
T T T
2+ 4
)
E o -
> True
— —— — Estimated
2 30 7
1 1 1 1 1 1
0 20 40 60 80 100 120
Time [s]

T T T T T T

A Lol bl prrdpn b ; . s Sasta B e . "
W. u 4 T = e e R SR

True

———— Estimated
130

1 1 1 1 1 1

0 20 40 60 80 100 120

Time [s]

v, [m/s]
o

Figure 4.3: Configuration 1: Estimated translational velocities in the Steady-State
Cruise Track.
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Figure 4.6: Configuration 1: Estimated body pitch w.r.t. road frame (6°) and
estimated road slope w.r.t. navigation frame (0] ) in the Steady-State Cruise Track.

Table 4.2: FoM for the Steady-State Cruise Track for configuration 1.

Category Variable RMSE MAE MaxAE
Vg 0.1083  0.0863 0.4205
Translational Velocities [m/s] Uy 0.0549  0.0438  0.2033
v, 0.0993  0.0792 0.3857
Wy, 0.0017  0.0014 0.0069
Rotational Velocities [rad/s] Wy 0.0017  0.0013  0.0068
W, 0.0017  0.0013 0.0068
. N o 0.1160  0.0427  2.9773
Attitude w.r.t. navigation frame [°] g 01215 00643 18117
Body Attitude w.r.t. Road [°] 6° 0.3776  0.2255  2.3310
Road Attitude [°] or 04357  0.2725  3.5069

4.3.2 Varied Velocity Track

The second track, the Varied Velocity Track, was used to verify whether the fil-
ter maintained a similar level of estimation quality as observed in the Steady-State
Cruise Track. The primary distinction between the two tracks was the longitudinal
velocity profile, while the velocity remained constant in the cruise track, it varied
in this scenario. This variation enabled a more nuanced evaluation of how the filter
handled dynamic changes in the translational velocities in the absence of significant
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angular motion.

The results from this track showed that both the translational and angular velocities
were estimated accurately throughout the simulation, confirming the robustness of
the filter under moderate longitudinal dynamics. The body frame’s attitude with
respect to the navigation frame also demonstrated reliable convergence to the true
values, occurring within a short time window. The estimation of the body frame
attitude relative to the road frame remained generally satisfactory, however a mod-
erate level of uncertainty is still present.

These finding are backed up by the result in the Figures 4.7 and 4.8, together
with the FoM in Table 4.3.
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6%) in the Varied Velocity Track.
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Figure 4.8: Configuration 1: Estimated body pitch w.r.t. road frame (6°) and
estimated road slope w.r.t. navigation frame (0}) in the Varied Velocity Track.

Table 4.3: FoM for the Varied Velocity Track for configuration 1.

Category Variable RMSE MAE MaxAE
Vg 0.1101  0.0878 0.4391
Translational Velocities [m/s] Uy 0.0552  0.0440  0.2077
v, 0.1002  0.0799 0.3998
Wy, 0.0017  0.0014 0.0070
Rotational Velocities [rad/s] Wy 0.0017  0.0013  0.0070
W, 0.0017  0.0013 0.0070
. L o b 0.1003  0.0399 2.9354
Attitude w.r.t. navigation frame [°] g 01111 00610 18762
Body Attitude w.r.t. Road [°] 6° 0.4592  0.3167  2.3598
Road Attitude [°] or 0.5180  0.3614  3.6638

4.3.3 Uphill Track

The next natural alteration to the scenario was adding differing road characteristics.
This lead to the Uphill Track. Accurate estimations in this case further solidified the
observation that the measured variables were mostly accurately estimated. Good
performance in the estimation of the various attitudes also showed that the filter
performed well, despite greater attitude changes.
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The simulation results for this track indicated that both the translational and angu-
lar velocities were accurately estimated throughout the run, maintaining consistency
with previous scenarios. The body frame attitude with respect to the navigation
frame also converged well to the true values, with minimal delay, even under chang-
ing slope conditions. Estimation of the body frame attitude relative to the road
frame was similarly satisfactory as for the previous scenarios.

These finding are backed up by the result in the Figures 4.9 and 4.10, together
with the FoM in Table 4.4.
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Figure 4.9: Configuration 1: Estimated body attitude w.r.t. navigation frame (¢?,
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Figure 4.10: Configuration 1: Estimated body pitch w.r.t. road frame (6%) and
estimated road slope w.r.t. navigation frame (6}) in the Uphill Track.

Table 4.4: FoM for the Uphill Track for configuration 1.

Category Variable RMSE MAE MaxAE
Vg 0.1097  0.0876 0.4236
Translational Velocities [m/s] Uy 0.0551  0.0439  0.2029
v, 0.1005  0.0803 0.3896
Wy, 0.0017  0.0014 0.0068
Rotational Velocities [rad/s] Wy 0.0017  0.0013  0.0068
W, 0.0017  0.0013 0.0069
. N o 0.1129  0.0425  2.8504
Attitude w.r.t. navigation frame [°] g 01208 00662 17984
Body Attitude w.r.t. Road [°] 6° 0.3882  0.2389  2.3280
Road Attitude [°] o 0.4466  0.2876  3.4740

4.3.4 Dynamic J-Turn Track

The track Dynamic J-Turn Track was used to evaluate the filter performance when
the roll angle of the truck was highly dynamic. The filter performed well in all
but the body-to-road estimation. This showed that the filter performed well when
mainly experiencing roll aligned dynamics.

Throughout the simulation, the translational and angular velocities were estimated
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accurately, with low error and consistent convergence. The body attitude with
respect to the navigation frame also showed rapid convergence to the true values,
demonstrating that the filter could successfully adapt to dynamic roll-dominant mo-
tion. However, when evaluating the attitude of the body frame relative to the road
frame, the filter performed slightly worse than in previous scenarios. This was due
to the body pitch and roll with regards to the road frame being closely coupled,
meaning that since the roll was assumed to be approximately zero, a deviation from
this value caused less accurate pitch estimation. Due to a small roll deviation, this
was not significant, yet had more impact than in previous scenarios.

These finding are backed up by the result in the Figures 4.11 and 4.12, together
with the FoM in Table 4.5.
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Figure 4.11: Configuration 1: Estimated body attitude w.r.t. navigation frame
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Figure 4.12: Configuration 1: Estimated body pitch w.r.t. road frame (6%) and
estimated road slope w.r.t. navigation frame (6) in the Dynamic J-Turn Track.

Table 4.5: FoM for the Dynamic J-Turn Track for configuration 1.

Category Variable RMSE MAE MaxAE
Uy 0.1111 0.0885 0.4200
Translational Velocities [m/s] Uy 0.0550  0.0439  0.1975
v, 0.1017  0.0811 0.3858
Wy, 0.0017  0.0014 0.0067
Rotational Velocities [rad/s] Wy 0.0017  0.0013  0.0066
W, 0.0017  0.0013 0.0066
. N o 0.1430  0.0514  2.7610
Attitude w.r.t. navigation frame [°] g 01500 0.0759  1.7590
Body Attitude w.r.t. Road [°] 6° 0.4630  0.2696  2.3198
Road Attitude [°] or 05278 0.3201  3.4654

4.3.5 Infinity with Bank Track

The final track tested for this configuration was the Infinity with Bank Track. It
allowed for the evaluation of the filter’s ability to, despite a highly dynamic situa-
tion, maintain consistently accurate state estimates. The filter performed well in all
but the body pitch with regard to the road frame estimation, and thus proved its
adaptability and robustness in a wide range of dynamic conditions.
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The simulation results confirmed that the translational and angular velocities were
accurately estimated throughout the entire track, even under complex motion in-
volving frequent changes in direction and road banking. The body frame attitude
with respect to the navigation frame also converged quickly to the true values,
demonstrating that the filter could effectively handle high-dynamic scenarios. The
issues with the body-to-road pitch estimation seen in the Dynamic J-Turn Track
were exaggerated in this scenario when the roll angle was significant, that is at the
apex of the curves. The estimation of the pitch estimation was still reliable between
these curves.

These finding are backed up by the result in the Figures 4.13 and 4.14, together
with the FoM in Table 4.6.
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Figure 4.13: Configuration 1: Estimated body attitude w.r.t. navigation frame
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Figure 4.14: Configuration 1: Estimated body pitch w.r.t. road frame (%) and
estimated road slope w.r.t. navigation frame (") in the Infinity with Bank Track.

Table 4.6: FoM for the Infinity with Bank Track for configuration 1.

Category Variable RMSE MAE MaxAE
Vg 0.1086  0.0865 0.4486
Translational Velocities [m/s] Uy 0.0551  0.0440  0.2143
v, 0.0995  0.0793 0.4078
Wy, 0.0017  0.0014 0.0071
Rotational Velocities [rad/s] Wy 0.0017  0.0013  0.0070
W, 0.0017  0.0013 0.0071
. N o 0.0998  0.5132  3.0482
Attitude w.r.t. navigation frame [°] g 01047 05500 19346
Body Attitude w.r.t. Road [°] 6° 0.6581  0.21477 2.4651
Road Attitude [°] 0" 0.7082  0.21861 3.6068

4.3.6 Discussion of the Observed Filter Behavior

The unbiased system analysis is an important first step when attempting to under-
stand how well the base models and tuning works. If the tuning is sufficient and
the models are correct, the variables ought to conform to the true values with some
variation due to process and measurement noise. This gives an insight into which
variables are observable, and ought thus be subject to an observability analysis.
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4. Results and Discussion

In the case of the non-biased filter, these insights were clear. All the variables that
depend directly on the IMU and the radars were observable and conform quickly
with the respective true values. However, the body pitch with regard to the road
frame, which is dependent on the pseudo measurement, as described in (3.8), be-
haved worse than the other variables. This is due to the coupling between the body
to rad pitch and roll. Since it was established in Section 4.2 that the roll is unob-
servable, this variable was assumed to be a zero mean Gaussian random variable.
As a consequence, when, in reality, there is roll, the pitch estimation will be poor.
Nevertheless, the roll is often insignificant in nominal driving scenarios, allowing for
this simplification without introducing major errors.

Beyond the body pitch with regard to the road frame, the other variables are also in-
teresting to discuss. The measured variables are, as expected accurately estimated.
These barely contain any noise, which has been filtered out, resulting in consistently
low error with fast convergence, regardless of the track. Especially noteworthy is the
constant and low FoM for the angular velocities. The reason for the FoM behavior
is that the filter has more than sufficient high quality measurements to accurately
estimate the true angular velocity values. This results in small error variation caused
by the noise. This becomes apparent when viewing the FoM with more than four
decimal places of precision, however, this level of accuracy is not necessary to view
the overall performance of the filter, and therefore not shown. When additional
disturbances, such as bias, is added, as in configuration 2 and 3, the differences in
the FoM become more apparent.

The implied variables, that is the body attitude w.r.t. the navigation frame, are
also accurate. These were more uncertain compared to the measured variables,
however, after convergence, they consequently stayed very close to the true values.
The post processed road slope angle, is dependent on the performance of the implied
and pseudo measured variables. This means that the performance of the slope was
coupled to the magnitude of the variables on which it was dependent. This is only
an issue when there is a significant amount of body roll with regard to the road frame.

The complete non-biased system has thus unveiled the properties of the system
that it was meant to. It showed that the process model and measurement model
is correct and the tuning is sufficient. However, due to the uncertain nature of the
pseudo measurement, and lack of more information about the variables dependent
on this measurement, the performance of these are deteriorated or unusable.

4.4 Configuration 2: Biased IMU with Conven-
tional Orientation

The section configuration was meant to exemplify the performance of the system
given, beyond the conditions constant over all configurations, that

» Bias states were present in the state vector.
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« Bias was present in the measurements from the IMU sensors.

This configuration’s performance was determined by testing in four scenarios. These
are described in greater detail in Section 3.4.4. Note that the Steady-State Cruise
Track was not tested since its performance was nearly identical to that of the Varied
Velocity Track. For each scenario, the results from a single realization will be shown.
Since the performance of the velocities and the body attitude with regard to the
road frame estimation were similar to those of configuration 1, only the results of
the IMU bias estimation and the body-to-navigation frame angle estimation will
be shown. The omitted results can be found in Appendix A. In addition, for each
scenario, the FoM obtained from a 100-run MC simulation are presented in a table.

4.4.1 Varied Velocity Track

The Varied Velocity Track was interesting in the case where bias was present since
it included some dynamic movement in terms of acceleration. It was, however,
nearly static in other aspects. This made it a useful case for evaluating the filter’s
ability to estimate IMU biases when limited lateral and angular velocity was present.

This limited excitation caused the filter to not converge within the simulation win-
dow. While the accelerometer z-axis bias converged effectively, due to its align-
ment with gravity, the x and y axes remained largely unobservable under these
low-dynamic conditions. As a result, the body frame attitude with respect to the
navigation frame was poorly estimated. Although the estimated orientation followed
the correct trend over time, the presence of an uncorrected offset rendered the abso-
lute estimates inaccurate. In contrast, the body frame attitude relative to the road
frame were estimated satisfactorily in the pitch direction.

These finding are backed up by the result in the Figures 4.15 and 4.16, together
with the FoM in Table 4.7.
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Figure 4.15:
Velocity Track.

ba_ [m/s?]

bg_ [rad/s]

X

x

4
3 True 3 True 2 True
— ——— Estimated —— — — Estimated — ——— Estimated
2 30 130 30
1
= —
! e ww R [ %
of E off E 0
g o
4 S 4 a
-1
2 -2
3 -3 2
0 50 100 150 0 50 100 150 0 50 100 150
Time [s] Time [s] Time [s]
2 2 2
True True True
—— — — Estimated ——— — Estimated — ——— Estimated
30 +30 +30
1 1 1
w w
b=] =}
0 E o E o
o @'
Q a
1 1 1
-2 2 -2
0 50 100 150 0 50 100 150 0 50 100 150
Time [s] Time [s] Time [s]

Configuration 2:

Estimated IMU bias

convergence for the Varied

57



4. Results and Discussion

L L L 1 L L L 1
0 20 40 60 80 100 120 140 160
Time [s]

True
——— - Estimated
43

1

0 20 40 60 80 100 120 140 160
Time [s]

Figure 4.16: Configuration 2: Estimated body attitude w.r.t. navigation frame
(8, 0°) for the Varied Velocity Track.
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Table 4.7: FoM for the Varied Velocity Track for configuration 2.

Category Variable RMSE MAE MaxAE
Uy 0.1099  0.0877 0.4053
Translational Velocities [m/s] Uy 0.0578  0.0453  0.3949
v, 0.1001  0.0797 0.3717
Wy 0.0029  0.0016 0.0605
Rotational Velocities [rad/s] Wy 0.0018  0.0014  0.0444
W, 0.0033  0.0020 0.0550
. S o b 2.7203  2.6837 4.8566
Attitude w.r.t. navigation frame [°] gb 18441 18007  3.4586
Attitude w.r.t. Road [°] 6b 0.4668  0.3191  2.4186
Road Attitude [°] or 1.9350  1.8447  4.7220
ba, 0.3149  0.3088 0.4835
ba, 0.4600  0.4549 0.6824
Biases ba, 0.0326  0.0249 0.3794
by, 0.0023  0.0004 0.0596
by, 0.0007  0.0002 0.0441
by, 0.0028  0.0013 0.0538

4.4.2 Uphill Track

The Uphill Track contributed valuable insights into how the filter reacted when an
angular velocity around a single axis and how this affected its ability to estimate
IMU biases. It served as a useful case between low-dynamic and highly dynamic
scenarios.

In contrast to the straight Varied Velocity Track, the accelerometer biases on the
x and z axes converged effectively during the simulation, owing to the influence of
the slope and associated dynamic changes. This enabled more accurate estimation
of orientation states that relied on these axes. However, the y-axis accelerometer
bias remained largely unaffected and did not converge, which continued to limit the
accuracy of variables dependent on this component. The translational and angular
velocities were, as in other scenarios, estimated with high consistency and minimal
error. The attitude estimation w.r.t. the navigation frame was significantly im-
proved for the pitch component, particularly once the vehicle encountered the slope.

These finding are backed up by the result in the Figures 4.17 and 4.18, together
with the FoM in Table 4.8.
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Figure 4.17: Configuration 2: Estimated IMU bias convergence for the Uphill
Track.
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Figure 4.18: Configuration 2: Estimated body attitude w.r.t. navigation frame
(b, %) for the Uphill Track.
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Table 4.8: FoM for the UphillTrack for configuration 2.

Category Variable RMSE MAE MaxAE
Uy 0.1099  0.0877 0.3942
Translational Velocities [m/s] Uy 0.0589  0.0459  0.3846
v, 0.1011  0.0806 0.3645
Wy 0.0032  0.0017 0.0585
Rotational Velocities [rad/s] Wy 0.0019  0.0014  0.0419
W, 0.0037  0.0022 0.0539
. S o b 2.9866  2.9308 5.4191
Attitude w.r.t. navigation frame [°] gb L1565 08846  3.7317
Attitude w.r.t. Road [°] 6° 0.3973  0.2418  2.3798
Road Attitude [°] or 1.2650  0.9614  4.7021
ba, 0.1962  0.1528 0.5237
ba, 0.5015  0.4935 0.7622
Biases ba, 0.0310  0.0199 0.3902
by, 0.0027  0.0005 0.0580
by, 0.0008  0.0003 0.0416
by, 0.0033  0.0016 0.0530

4.4.3 Dynamic J-Turn Track

The Dynamic J-Turn Track was an excellent contributor to the analysis of how the
filter performed, since it introduced a significant change in the roll angles of the
vehicle. It included the angular velocities not present in the Uphill Track while
minimizing the pitch rate, which was prominent in the Uphill Track. This configu-
ration allowed for a focused examination of the system’s response to roll-inducing
dynamics. It was also slightly more dynamic overall, providing additional insight
into how the filter handled higher levels of motion.

In this scenario, the accelerometer biases for the z and y axes began to converge
successfully, but only after the vehicle initiated the turn. This delayed convergence
is evident in Figure 4.19, and it resulted in poor estimation of both attitude and
bias-related variables during the initial straight-line segment. Once the turning ma-
neuver began and the required dynamics were present, the filter was able to correct
for the biases more effectively. At this point, the body frame attitude w.r.t. the
navigation frame converged to the true values.

These finding are backed up by the result in the Figures 4.19 and 4.20, together
with the FoM in Table 4.9.
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Figure 4.19: Configuration 2:
J-Turn Track.
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Figure 4.20: Configuration 2: Estimated body attitude w.r.t. navigation frame
(b, %) for the Dynamic J-Turn Track.
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Table 4.9: FoM for the Dynamic J-Turn Track for configuration 2.

Category Variable RMSE MAE MaxAE
Uy 0.1126  0.0897 0.3850
Translational Velocities [m/s] Uy 0.0617  0.0474  0.3956
v, 0.1028  0.0819 0.3508
Wy 0.0040  0.0019 0.0627
Rotational Velocities [rad/s] Wy 0.0020  0.0015  0.0440
W, 0.0045  0.0025 0.0553
. S o b 1.6715  1.0961 4.6076
Attitude w.r.t. navigation frame [°] gb 11800 07762  3.6313
Attitude w.r.t. Road [°] 6b 04811 02772  2.4217
Road Attitude [°] or 1.3392 09264  4.6840
ba, 0.1990  0.1337 0.5075
ba, 0.2814  0.1933 0.6468
Biases ba, 0.0360  0.0237 0.3658
by, 0.0036  0.0008 0.0623
by, 0.0011  0.0004 0.0437
by, 0.0041  0.0019 0.0543

4.4.4 Infinity with Bank Track

The Infinity with Bank Track was a highly dynamic track. It was excellent for de-
termining whether the filter would converge to the correct bias values in a short
amount of time given enough dynamic movement. In this configuration, it allowed
an investigation into whether extreme motion scenarios could potentially challenge
or destabilize the filter.

The results in this scenario further confirmed the observations in the Dynamic J-
Turn Track. The filter’s ability to converge toward the correct bias values early in
the simulation, even in the presence of noise, was still present and it performed bet-
ter. Although noise introduces minor fluctuations around the bias estimates, these
remain negligible. Due to this the overall filter performance was similar to that of
the same scenario under zero-bias conditions, after bias convergence.

These finding are backed up by the result in the Figures 4.21 and 4.22, together
with the FoM in Table 4.10.
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Figure 4.21: Configuration 2: Estimated IMU bias convergence over time for the
Infinity with Bank Track.

T T X T
True
——— — Estimated
130

4P [deg]
o

1 1
0 50 100 150 200
Time [s]

=)
@
h=)
< o l’ i
s True i
- —— — — Estimated
+30
-6 & L 1 1 I .
0 50 100 150 200

Time [s]

Figure 4.22: Configuration 2: Estimated body attitude w.r.t. the navigation frame
(b, 6%) for the Infinity with Bank Track.
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Table 4.10: FoM for the Infinity with Bank Track for configuration 2.

Category Variable RMSE MAE MaxAE
Uy 0.1112  0.0885 0.4274
Translational Velocities [m/s] Uy 0.0576  0.0453  0.4015
v, 0.1022  0.0813 0.3888
Wy 0.0027  0.0015 0.0607
Rotational Velocities [rad/s] Wy 0.0019  0.0015  0.0448
W, 0.0031  0.0019 0.0556
. S o b 0.2392  0.0997 3.5325
Attitude w.r.t. navigation frame [°] gb 09968 01012 30006
Attitude w.r.t. Road [°] 6b 0.6539  0.5080  2.4884
Road Attitude [°] o 0.7366  0.5609  4.0184
ba, 0.0363  0.0245 0.3428
ba, 0.0352  0.0170 0.3871
Biases ba, 0.0186  0.0077 0.3870
by, 0.0021  0.0003 0.0603
by, 0.0008  0.0006 0.0446
by, 0.0026  0.0012 0.0551

4.4.5 Discussion of the Observed Filter Behavior

The second iteration of the system included IMU biases. This made the system
more realistic since, if disturbances attributed to calibration errors are excluded,
the biases and the noise is what remains. It is also prudent to note that the filter
has been altered to include bias terms for the accelerometers and gyroscopes in the
state vector to account for the bias disturbance. The issues introduced by the bias
show up in the attitude measures that rely on the IMU.

When studying the results of the various simulations, it is clear that the intro-
duction of IMU biases has no effect on the filter’s ability to accurately estimate the
translational and angular velocities. These were as accurate as for the filter where
biases were not included. The estimation of the pitch angle w.r.t. the road was also
unchanged, in its performance, since it was reliant on the estimated translational
velocities, which are unaffected.

The difference between the biased and non-biased filters is seen in the estimation of
the attitude of the body w.r.t. the navigation frame. These were directly coupled to
the bias terms, via (3.31) and (3.32), and did not converge with the true values until
biases did. The x and y axes accelerometer biases were passive until rotational dy-
namics were seen in the system while the z-axis bias converged quickly. This caused
the estimations to be poor until enough rotational or gravity derived dynamics had
been experienced. The z-axis converged since it is aligned with gravity, allowing
the system to acquire an estimate of the bias. In the case of the x and y axes, the-
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ses were always orthogonal or nearly orthogonal with gravity, making them reliant
on the centripetal acceleration to become observable, see (3.31). The unobservable
null-space directions, in figure 4.23, confirm this claim.

State

1 - Active: 99.96% 2 - Active: 99.96% 3 - Active: 0.30%
Null Space Direction

Figure 4.23: The accumulated null-space directions of the biased system.

The filter with bias included is a more realistic solution to real-world scenarios. It
accounts for sensor imperfections beyond noise and jitter and can thus be used in
less ideal systems. The bias estimation requires angular dynamics in order to make
the biases on the z and y axes of the accelerometer observable. Before this has
occurred the attitude estimations cannot be trusted however, over time, the filter
will converge to the correct bias values and will thus be nearly as accurate as the
unbiased version.

4.5 Configuration 3: Biased IMU with Tilted Ori-
entation

Testing a configuration with a tilted IMU was motivated by the discovery that, in
certain situations, reorienting the IMU, and thereby changing the system’s unob-
servable direction, improved performance. It was useful when either pitch or roll
was exclusively dynamic, before bias convergence. This will be shown through two
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of the test tracks. One which is mostly static in its angular changes and one that
has the pitch varying.

As stated earlier the results from utilizing this configuration were meant to ex-
emplify the performance of the system given, beyond the conditions constant over
all configurations, that:

» Bias states were present in the state vector.
« Bias was present in the measurements from any of the sensors.

e The IMU was oriented in a non-conventional manner where it was pitched up
with 45° and then rolled to the left with 45°.

This configuration’s performance was determined by testing two scenarios. These
are described in greater detail in Subection 3.4.4. For each scenario, the results
from a single realization will be shown. Since the performance of this configuration
is nearly identical to that of configuration 2 in many aspects, only the results of
the IMU bias estimation and the body-to-navigation frame angle estimation will
be shown. The omitted results can be found in Appendix A. In addition, for each
scenario, the FoM obtained from a 100-run MC simulation are presented in a table.

4.5.1 Varied Velocity Track

The Varied Velocity Track was used in this case to exemplify a situation where the
IMU orientation did not improve the performance of the filter. As with the con-
ventionally oriented IMU, this configuration failed to produce convergence of the
bias variables, leading to inaccurate attitude estimation. Almost all the values that
were well estimated in configuration 2 were still well estimated in this realization.
This consistency demonstrated the robustness of the filter’s velocity estimation per-
formance regardless of IMU orientation. However, the inability of the biases to
converge, particularly on all accelerometer axes, negatively impacted the accuracy
of the body frame attitude with respect to the navigation frame. As a result, the
attitude estimates were degraded. Furthermore, this tilted configuration performed
slightly worse in this regard than the conventional IMU orientation, due to addi-
tional misalignment between the IMU axes and the gravitational direction.

These finding are backed up by the result in the Figures 4.24 and 4.25, together
with the FoM in Table 4.11.
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Figure 4.24: Configuration 3: Estimated IMU bias convergence over time for the
Varied Velocity Track.
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Figure 4.25: Configuration 3: Estimated body attitude w.r.t. the navigation frame
(b, 6°) for the Varied Velocity Track.
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Table 4.11: FoM for the Varied Velocity Track for configuration 3.

Category Variable RMSE MAE MaxAE
Uy 0.1104  0.0880 0.4046
Translational Velocities [m/s] Uy 0.0580  0.0454  0.3988
v, 0.1006  0.0801 0.3674
Wy 0.0030  0.0016 0.0667
Rotational Velocities [rad/s] Wy 0.0018  0.0014  0.0316
W, 0.0032  0.0019 0.0551
. . o O 2.7183  2.6788  4.9328
Attitude w.r.t. navigation frame [°] gb 10938 01012 37717
Attitude w.r.t. Road [°] 6b 0.4665  0.3200  2.3942
Road Attitude [°] o 20828  1.9939  4.776
ba, 0.2320  0.2280 0.4373
ba, 0.3733  0.3684 0.5775
Biases ba, 0.3781  0.3729 0.5901
by, 0.0017  0.0009 0.0436
by, 0.0023  0.0007 0.0551
by, 0.0023  0.0007 0.0548

4.5.2 Uphill Track

The Uphill Track was used in this case to exemplify a situation where the IMU
orientation did improve the performance of the filter. As with the conventionally
oriented IMU, the bias variables converged during this scenario. However, in this
tilted configuration, the accelerometer y-axis bias, which previously failed to con-
verge, successfully started to converge. Although the convergence of the x and z
axes biases was slower compared to the conventional setup, this trade-off enabled
more uniform observability across all three axes. It resulted in quicker and more
reliable bias convergence under certain motion conditions, without a significant loss
in estimation performance.

These finding are backed up by the result in the Figures 4.26 and 4.27, together
with the FoM in Table 4.12.
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Figure 4.26: Configuration 3: Estimated IMU bias convergence over time for the
Uphill Track.
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Figure 4.27: Configuration 3: Estimated body attitude w.r.t. the navigation frame
(b, %) for the Uphill Track.
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Table 4.12: FoM for the Uphill Track for configuration 3.

Category Variable RMSE MAE MaxAE
Uy 0.1093  0.0870 0.3970
Translational Velocities [m/s] Uy 0.0589  0.0458  0.3944
v, 0.1004  0.0799 0.3685
Wy 0.0033  0.0017 0.0696
Rotational Velocities [rad/s] Wy 0.0018  0.0014  0.0330
W, 0.0035  0.0021 0.0535
. S o b 2.8394  2.7886 4.8886
Attitude w.r.t. navigation frame [°] gb 13915 01012 41859
Attitude w.r.t. Road [°] 6b 0.3996  0.2409  2.4252
Road Attitude [°] o 14907 1.1329  5.0989
ba, 0.1620  0.1262 0.4595
ba, 0.3668  0.3505 0.6003
Biases ba, 0.3716  0.3556 0.6121
by, 0.0019  0.0011 0.0437
by, 0.0027  0.0009 0.0550
b 0.0027  0.0008 0.0564

4.5.3 Discussion of the Observed Filter Behavior

The third and final configuration is very similar to the second. The reason for
considering this configuration is to illustrate how a difference in orientation of the
IMU sensor can change the filter’s ability to converge to the true accelerometer bias
values. The hypothesis that was set out to be proven was if the angular velocities
and the gravity are dispersed onto the different axes, it would allow for slower but
robust bias convergence. To show this, the IMU was reoriented, and then tested on
two tracks, one that was not expected to converge with the new configuration nor
the old and one that was expected to converge with the new configuration but not
the old.

Since it is, in all other aspects identical to the filter with bias states, it is equivalently
proficient at estimating the states not dependent on the IMU. However, the IMU
dependent states, that is the body attitude w.r.t. the navigation frame and the IMU
biases, act differently. In the case of non-convergence, the tilted IMU configuration
performed, as expected, worse than the conventionally oriented IMU since, in this
case, the z-axis accelerometer bias did not converge. This is expected since no angu-
lar velocities are present and the gravity is not aligned with any of the axes directly.
When an angular velocity was introduced around one of the body frame axes this
changes. In the case of the conventionally oriented IMU, the accelerometer bias on
the y-axis does not converge since it is neither affected by gravity nor the centripetal
acceleration. When the IMU was tilted, all three axes measured some kind of non-
bias, non-translational acceleration. This caused all three axes’ accelerometer bias
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to gain observability. When the dynamics started, the bias estimation started con-
verging. The cost of this was, however, slower convergence since the dynamics were
spread over all three axes instead of being concentrated onto a single axis.

This phenomena was caused by the realigning of the unobservable null-space di-
rection affecting the bias terms. The directions became less aligned with any one
accelerometer bias term allowing for convergence during dynamic sections of the
track. This spread is illustrated in Figure 4.28.

State

1 - Active: 99.96% 2 - Active: 99.96% 3 - Active: 0.30%
Null Space Direction

Figure 4.28: The accumulated null-space directions of the biased system with a
tilted IMU.

The filter with bias states included and with a tilted IMU is a variant of the original
filter that may have applications as a more robust version. It is slower to react to
changes in the bias but will adapt, universally, in any situation when some dynamics
are present. It is mostly applicable in slow systems where instantaneous convergence
is not necessary. A calibration of the exact tilt may further improve the performance
given which bias is the most important for the user. It is however an improvement
upon the conventionally oriented IMU in long term performance and adaptability.
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Conclusion

Accurate ego-motion and road attitude estimation is vital for heavy-duty vehicles.
This thesis set out to address this issue by developing a system capable of accu-
rately estimating these parameters. The proposed approach achieves an accurate
result that accounts for sensor imperfections not caused by calibration errors.

The main contributions of this thesis lie in the fusion of radar and inertial sensors
and how these achieve the desired results. The final filter utilizes a forked update
step approach that allows for multirate sensors, that is sensors with different update
frequencies. This enables seamless fusion of all sensors and produces an output that
inherits the frequency of the sensor with the highest update rate. The filter was
configured into three separate realizations, one without bias states, one with bias
states and conventionally oriented sensors, and a third with bias states and a tilted
IMU to address unobservable directions in the system.

The first configuration allowed for identifying flaws in the system. It revealed that
using a pseudo measurement to estimate the body attitude with regard to the road
frame was insufficient for determining the body roll with regard to the road frame,
due to low levels of lateral velocity. As a result, this roll angle was modeled as a
Gaussian random variable and excluded from the state vector. The second and third
configurations provided insights into how well the system adapted to sensor biases.
It was found that estimating these biases depended on the presence of either cen-
tripetal acceleration or a significant gravitational component. When both these were
insufficient, accelerometer bias estimation was impossible. The main difference be-
tween the two biased configurations was the IMU orientation. While the reoriented
IMU led to slower convergence across all dynamic scenarios, it eventually allowed
for convergence of all three accelerometer biases. In contrast, the conventionally
oriented IMU converged more quickly, but in some cases the y-axis bias failed to
converge at all.

This thesis has therefore shown that ego-motion of a heavy-duty vehicle can be
estimated using the proposed configuration. It has also demonstrated that body
attitude with regard to the road frame estimation is possible on at least one axis,
however, estimating both requires further research. It has also exemplified the ad-
vantages and drawbacks of reorienting the IMU sensor in order to improve bias es-
timation. However, there are limitations to this study. It only handles disturbances
not related to calibration and does not process issues such as radar distortion and
scale factor errors. Furthermore, the size of the filter may make it infeasible to di-

73



5. Conclusion

rectly incorporate into heavy-duty vehicles, and has therefore only been tested with
simulation data.

As noted, there are several areas for future research that could improve the system
and enhance understanding of ego-motion and road attitude estimation. Incorpo-
rating the range measurements from the radars may allow for accurate estimation
of the road attitude. In [6], this was done without utilizing the Doppler velocities,
which resulted in an estimate that used a large amount of radars and that has is-
sues with road irregularities. A combination of that approach and the findings of
this thesis may lead to a more robust solution. It is also beneficial to continue the
investigation of how the filer can handle calibration derived disturbances since these
are often unavoidable in reality. The modular design of the system allows for in-
tegration of additional sensors, which could improve overall accuracy and speed up
bias convergence.

In conclusion, the results of this thesis are promising and indicate that the pro-
posed system has the potential to support the development of robust and accurate
estimators. Despite current limitations, the thesis provides a proof of concept that,
with further development, could be implemented in real-world heavy-duty vehicles.
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Omitted Result Plots

A.1 Configuration 1: Unbiased IMU with Con-

ventional Orientation
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Figure A.1: Configuration Estimated translational velocities in the Varied

Velocity Track.
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Figure A.2: Configuration 1: Estimated rotational velocities in the Varied Velocity
Track.
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Figure A.3: Configuration 1: Estimated translational velocities in the Uphill
Track.

IT



A. Omitted Result Plots

0 20 40 60 80 100 120
Time [s]
T T T T T
0.1 4
w
b1 0 JMJ \
= Al ” v ¥
3>' True
01+ ———— Estimated | _|
) 130
1 1 1 1 1 1
0 20 40 60 80 100 120
Time [s]
0.01
& 0.005
=]
I 0
N
3 .0.005
-0.01
0 20 40 60 80 100 120
Time [s]

Figure A.4: Configuration 1: Estimated rotational velocities in the Uphill Track.
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Figure A.5: Configuration 1: Estimated translational velocities in the Dynamic
J-Turn Track.
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Figure A.6: Configuration 1: Estimated rotational velocities in the Dynamic J-
Turn Track.
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Figure A.7: Configuration 1: Estimated translational velocities in the Infinity with
Bank Track.
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A.2 Configuration 2: Biased IMU with Conven-
tional Orientation
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Figure A.9: Configuration 2: Estimated translational velocities in the Varied
Velocity Track.
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Figure A.10: Configuration 2: Estimated rotational velocities in the Varied Ve-
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Figure A.11: Configuration 2: Estimated body pitch w.r.t. road frame (6°) and
estimated road slope w.r.t. navigation frame (67) in the Varied Velocity Track.
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Figure A.12: Configuration 2: Estimated translational velocities in the Uphill
Track.
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Figure A.13: Configuration 2: Estimated rotational velocities in the Uphill Track.
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Figure A.15: Configuration 2: Estimated translational velocities
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Figure A.17: Configuration 2: Estimated body pitch w.r.t. road frame (6°) and
estimated road slope w.r.t. navigation frame (6]) in the Dynamic J-Turn Track.
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Figure A.18: Configuration 2: Estimated translational velocities in the Infinity
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A.3 Configuration 3: Biased IMU with Tilted Ori-
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Figure A.21: Configuration 3: Estimated translational velocities in the Varied
Velocity Track.
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Figure A.25: Configuration 3: Estimated rotational velocities in the Uphill Track.
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estimated road slope w.r.t. navigation frame (6}) in the Uphill Track.
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