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Measuring wheel rotational speed using inertial sensor modalities
Akshay S Aravind

Guna Sekhar Karri
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Abstract

Vehicle motion state estimation is a critical component of automotive control sys-
tems, providing the foundation for effective vehicle motion management. Estimating
wheel rotational states like rotational angle, speed and acceleration of the wheel and
improving the roll and pitch estimation of the road is a major part of this process.
In this study, wheel speed estimation is achieved using inertial sensors mounted on
the wheel of a truck. The accelerometer data from the inertial measurement units
(IMUs) generated in high fidelity simulation environments is processed to estimate
the desired states.

Rigid body kinematics and axis transformations are used to relate sensor measure-
ments and our states of interest. The model is verified and tested in various driving
and road conditions using simulation environments like IPG TruckMaker and Mod-
elon Impact. Later an Extended Kalman Filter is used for estimation.

A wheel slip controller is also developed in Simulink and embedded it into Truck-
Maker, and estimated desired states using the Extended Kalman Filter. Addition-
ally, the developed estimator is embedded into TruckMaker for live, closed-loop,
simulation testing.

Additionally, using a quaternion representation of roll and pitch angle of the wheel,
a non-rotating IMU on the wheel hub and acceleration of truck w.r.to ground frame;
roll and pitch angles of the road in different scenarios were also estimated using an
Extended Kalman Filter.

The estimators performed well across different scenarios and vehicle speeds, both
high and low. The estimated states were in close agreement with their true values.

Keywords: motion estimation, rigid body dynamics, sensor fusion, state observers,
IMU sensors, orientation estimation, nonlinear estimation, Kalman filter, IPG Truck-
Maker, Modelon Impact.
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Nomenclature

Below is the nomenclature of indices, abbreviations, parameters, and variables that
have been used throughout this thesis.

MEMS
INS
IMU
AWOK
EKF
UKF
MIL
SIL
HIL
T,Y, %
{B}
{W}

T

t

Ry
Ryg
R..

MicroElectronic Mechanical Systems

Inertial Navigation Systems

Inertial Measurement Unit

Accelerometer-based Wheel Odometer for Kinematics

Extended Kalman Filter

Unscented Kalman Filter

Model In Loop

Software In Loop

Hardware In Loop

Cartesian Coordinate Axes

Body frame

World frame

Transformation matrix

translation vector

Rotation of reference frame by angle ¢ about x-axis

Rotation of reference frame by angle 6 about y-axis

Rotation of reference frame by angle v about z-axis

Velocity at point A

Acceleration at point A

Point at center of wheel hub

Point on rim of the wheel where rotating IMU is placed
Acceleration measured at point O along x-axis in fixed inertial
frame

Acceleration measured at point O along y-axis in fixed inertial
frame

Acceleration measured at point O along z-axis in fixed inertial frame
Acceleration measured at point P along x-axis in rotating wheel
rim

Acceleration measured at point P along y-axis in rotating wheel
rim

Acceleration measured at point P along z-axis in rotating wheel rim
Angular velocity of the wheel

Angular displacement of the wheel

Angular acceleration of the wheel
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Tht1|k+1
Pk+1|k+1
Sk:+1

XX

Distance of IMU on rim from wheel center in radial direction
Tangential acceleration measured by rim IMU

Radial acceleration measured by rim IMU

Observer gain

State vector

Estimated state vector

State estimation error

Output/Measurement vector

White Gaussian noise for motion model in state estimation
Covariance of white Gaussian noise for motion model in state esti-
mation

White Gaussian noise for measurement model in state estimation
Covariance of white Gaussian noise for measurement model in state
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Posterior mean

Posterior covariance

Predicted state vector

Predicted covariance

Updated state vector

Updated covariance

Innovation covariance

Acceleration due to gravity

Rotation angle of unit vector

Vector of unit length

Unit Quaternion

Roll angle

Pitch angle

Yaw angle

Time

Sampling time

White Gaussian noise for motion model in quaternion estimation
Covariance of white Gaussian noise for motion model in quaternion
estimation

White Gaussian noise for measurement model in quaternion esti-
mation

Non-linear function

Gradient of h(x)

Axes misalignment in accelerometer model

White noise drift in accelerometer model

Scale variable in accelerometer model

Random walk drift in accelerometer model

Environmental drift noise in accelerometer model

Quantization model in accelerometer model

Initial position of rim IMU

Mean
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Braking torque

Longitudinal tire force

Wheel moment of inertia

Effective rolling radius

Loaded radius at which braking force acts

Slip limit

Derivative of the longitudinal velocity at the wheel coordinate sys-
tem

Longitudinal wheel slip

Proportional term

Sliding surface

linear acceleration without gravity along x-axis in vehicle body fixed
frame

linear acceleration without gravity along y-axis in vehicle body fixed
frame

linear acceleration without gravity along z-axis in vehicle body fixed
frame

xxi



Nomenclature

xXxii



1

Introduction

1.1 Background

A key component of vehicle motion estimation process is acquiring precise knowl-
edge of wheel rotational speeds. This information is a critical aspect in implementing
advanced control strategies like wheel slip control within vehicles. Wheel slip con-
trol focuses on regulating tire slip to improve traction and prevent loss of control,
especially in challenging driving conditions like low friction surfaces or emergency
braking.

Roll and pitch angle of the truck are also important components of vehicle motion
estimation, roll angle of the truck can also be used in various control functions, and
slope angle information can be used in powertrain control and demand strategies.

1.2 Related Work

Accurate wheel heading, roll and pitch estimation can be estimated with high res-
olution, and the result is nearly bias-free using Micro-electromechanical systems
(MEMS) sensors [2]. These sensors address challenges such as low-frequency noise
and sensor bias, which affect measurement accuracy.

Traditionally, wheel encoders have been used to measure the angular wheel speed
by discretizing the wheel circumference. However, the technology has limitations
when the wheel slips or skids and measurements can be inaccurate at low speeds
due to limited resolution of the sensor both in the time and spatial domain. The
usage of accelerometers as continuous wheel encoders overcome these limitations. As
accelerometers pose challenges due to noise and techniques like Extended Kalman
Filtering have been used to model behavior and minimize errors. Results indicate
accurate wheel tracking, with errors below 1% for odometry estimation even in the
presence of disturbances, which show the potential of this approach [3].
Introducing Wheel-INS, a complete dead reckoning solution designed to enhance
the accuracy and robustness of inertial navigation systems (INS) in wheeled robots.
Wheel-INS is based on a wheel-mounted micro-electromechanical system (MEMS)
inertial measurement unit (IMU) to achieve these improvements without adding
additional component costs. Mounting the IMU to the center of a non-steering wheel
offers two significant advantages. Firstly, by utilizing gyroscope outputs, Wheel-INS
can calculate wheel speed, thereby replacing traditional odometers and mitigating
error drift in the INS. Secondly, the rotation of the wheel enables cancellation of the
constant bias error in the inertial sensor, which improves accuracy and reliability
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of the system. The maximum position drift of Wheel-INS in the horizontal plane
is less than 1.8% of the total traveled distance, reduced by 23% compared to the
conventional odometer-aided INS [4].

A multi low-cost INS configuration in land vehicle where two low-cost IMU sensors
are mounted on the center of rear wheels of the land vehicle to estimate the vehicle’s
forward velocity through the gyroscopes located in the perpendicular direction of
the wheel. A differential wheel odometry based on the Inertial Measurement Unit
(IMU) mounted on the rear wheels is proposed to estimate the vehicle’s change of
heading [5].

Introducing a low-cost alternative called the Accelerometer-based Wheel Odome-
ter for Kinematics determination (AWOK) system that consists of a single-axis
accelerometer mounted radially at the center of a wheel, providing direct distance
measurements rather than just velocities. The AWOK system is immune to stochas-
tic errors in MEMS inertial sensors and achieves a remarkable relative accuracy of
0.15% in determining the distance covered by a vehicle [6].

1.3 Objective

In this thesis, estimating the wheelangular speed using IMU will be the major ob-
jective. This involves developing a model of the sensor, assessing it’s specifications,
simulating it under different conditions, processing sensor measurements, quantify
the accuracy that can be achieved using the method and to estimate motion states
including but not limited to wheel angular speed. By pursuing this path, our goal is
to develop process models, design estimators and conduct co-simulation to analyze
estimator performance and assess the technology.

Also of importance is the estimation of roll and slope angles of the truck using
accelerometer data.

1.4 Scope

o To develop a model of the wheel-mounted inertial sensor embedded in the high-
fidelity simulation environment, to simulate sensor outputs under different
driving scenarios across various road conditions.

o To verify the accuracy of simulation outputs.

o To engineer and implement a method that processes sensor readings to attain
precise wheel rotational speed information with high frequency output.

 To assess the use of different configurations of the sensor(s) for effectively mea-
suring the signals of interest. This involves the investigation of the physical
quantities to be observed by the sensor, the number of sensors to be employed,
and their specifications, such as sensor output frequency and error character-
istics.

« To investigate limitations of the technology.

o Attain roll and pitch information of the vehicle using accelerometers and radar
acceleration estimates.
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1.5 Outline

The report is organized into the following chapters:

e Theory: The theoretical background and analysis utilized in the project are
discussed.

e Methods: This chapter explains the experimental setup in simulation envi-
ronments and the methodologies implemented for verifying and estimating the
desired states.

o Results: This chapter presents the results obtained from various tests through
the post-processing of data generated from simulation environment.

e Discussions: This chapter discusses the findings and implications of the re-
sults obtained. It also contains conclusions, future work and sustainability
aspects of our work.
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2

Theory

In this chapter, the theoretical concepts used in this thesis will be discussed. This
section contains the common terminologies which will be used in further chapters.

2.1 Homogeneous transformation

To fully describe the pose of a rigid object in a three-dimensional space, six dimen-
sions are required: three for its position (x, y and z) and three for its orientation
(roll, pitch and yaw). The process of transforming a coordinate frame from one
coordinate system to another is known as axis transformation.

2.1.1 2D transformations

To represent a rigid body in 2 dimensions, three coordinates are needed (z, y and
0).

Consider a point P whose pose can described by the position and orientation of
frame {B} w.r.to. frame {IW} and as shown in Figure 2.1. Frame {B} is oriented
at an angle 6 with frame {WW}. The point P is located at Wp in frame {W} and at
Bp in frame {B}. With respect to {W}, the origin of { B} is displaced by the vector
t = (x,y)T, which represents translation. Frame {B} is rotated counterclockwise by
an angle 6, which represents rotation R. The combination of both translation and
rotation constitutes a transformation of axes.

The coordinates of point P in the world frame {I¥'} can be computed from its
coordinates in the body frame { B} using a transformation (rotation and translation)
matrix:

'R ¢
= 01

[ cosd —sinf x (2.1)
T=1| sind cosd vy

0 0 1

The transformation equation is given by:

W, =T x Bp (2.2)
cos) —sinf x

Wp=| sinf cos® y | x Bp (2.3)
0 0 1
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{YW} A

{W}' {Xw}

Figure 2.1: 2D Transformation

2.1.2 3D transformations

Similar to 2D transformation, for the 3D transformation of a point P from the body
frame {B} to the world frame {W?}, we add an extra dimension to the rotation
matrix R € 3 x 3 and to the translation vector ¢t € 3 x 1 the following approach:

'Rt
I'= 101
[ cosd —sinf 0 x (2.4)
T sinf cos® 0 y
N 0 0 1 =z
0 0 0 1
The transformation equation is therefore:
W, =T x Bp (2.5)
cos —sing 0 x
| sinf  cos® 0 y
Wp = 0 0 1 - x Bp (26)
0 0 0 1

The rotation R in a 3D transformation can be represented by no more than three
rotations called Euler angle rotations.

2.1.3 Euler angle rotations:

Rotation matrices, which are used to rotate vectors in a coordinate frame, can be
utilized to apply the transformation. The following are three main rotations along

6
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the x, y and z axes by an angle 6:

(1 0 0
Rx(0) =] 0 cos —sind (2.7)
| 0 sinf  cosO

cosf 0 sinf |
R,(0)=| 0 1 0 (2.8)

—sinfl 0 cost) |

[ cos® —sinf 0 ]
R,(0) = | sinf cosf O (2.9)
0 0 1

The position vectors of coordinate system are multiplied with sequence of the rota-
tion matrices to obtain the desired coordinate frame.
Euler angles represent the rotation of a body in three-dimensional space through a
sequence of three rotations about the axes of the coordinate system. These set of
Euler angles can be represented as ¢ = [p 6 ],
Consider the rotation matrix that expresses the basic rotation about one of the
coordinate axes as a function of a single angle. A generic rotation matrix can then
be obtained by composing a suitable sequence of three elementary rotations, ensuring
that two successive rotations are not made about parallel axes. This results in 12
distinct sets of angles out of the 27 possible combinations, with each set representing
a triplet of Euler angles [7]. One example is ZY X rotation, i.e., R = R, Ry g Rx o,
which means:

« Rotate the reference frame by angle ¢ about z-axis (R,).

+ Rotate the reference frame by angle 6 about y-axis (Ry ).

+ Rotate the reference frame by angle ¢ about z-axis (Rx,).
From rotation matrices mentioned in Equations (2.7) to (2.9),

[ cosyp —sinyp 0 cos 0 sind 1 0 0
R,yx = | sinyy  cosyp 0O 0 1 0 0 cosp —sing
0 0 1 —sinf 0 cosd 0 sing cosy

cospcosf cossinfsing —siny cosp cossin b cos p + siny sin p
= | siny cosf sinysinfsiny + cosycosp siny sinb cosp — cosy sin p
—sin 6 cos fsin ¢ cos 6 cos

(2.10)
Assuming,

i1 Ti2 T13
Royx = | 121 T2 723 (2.11)
31 T32 T33

Comparing Equations (2.10) and (2.11), 11 # 0 & r9; # 0 and 0 € (0,4 7), we get:

p = tan™" (a1, 711) (2.12)
0 = tan " (—rs1, £/ +13) (2.13)
¥ = tan” (rs, 733) (2.14)

7



2. Theory
2.2 Relative Acceleration:

Relative acceleration is the rate of change of velocity of one object with respect to
another. Consider two points A and B on a rigid body, the relative velocity of two
points in a plane motion is given as [§]:

V4 =Vp+Vap (2.15)
The rate of change of equation (2.15) gives relative acceleration as:
ay =ap+ayunp (2.16)

The acceleration at point A is gives as the vector sum of acceleration at point B
and acceleration of A with respect to B in a plane motion.

2.2.1 Relative acceleration in Rotational motion:

Suppose two points, A and B separated by a distance r lie on a rigid body as in figure
2.2, with the rigid body having translation acceleration ap and point A performing
circular motion about point B. Point A appears to have both normal and tangential
components of motion with respect to point B. So, the relative acceleration from
equation (2.16) can be written as:

Figure 2.2: Relative acceleration and velocity of a rigid body

ay =ag+ (aa/)n + (aa/B): (2.17)
The acceleration components can be written as:
(aa/B)n =w X (WX T)
(aa/)r=axr
— ag=aptwx(wWxr)+axr (2.18)

Where w is the angular velocity, a=w is the angular acceleration of the body and
"x" is the vector cross product.
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2.3 Wheel coordinate system

The wheel coordinate system uses a right-hand rule based X-Y-Z sequence based
on the ISO 8855 standard [9]. The orientation of the system is shown in figure 2.3.

The coordinates of the wheel(X,, Y, and Z,) are in a Z-up orientation with origin
at the wheel center, X, is parallel to the direction of travel and the wheel plane, Y,
is parallel to the wheel-spin axis and Z,, is pointing upwards parallel to the wheel
plane.

Positive
o A
inclination angle Zw

€
Yw Plane
perpendicular to
Y road
{ Wheel plane Direction of

travel

Road plane
—

Direction of
wheel heading

N

Wheel spin axis
'
I AN

Figure 2.3: Wheel coordinate system

2.4 Experimental Setup

If the motion of the rigid body is described in 3 dimensions (z, y and z), consider
two points on the wheel, one at the center of the wheel hub O and the other P at
wheel rim separated by distance r; as in figure 2.4
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Figure 2.4: Axes of Wheel and IMU

The 3 axes at these points is according to the wheel coordinate system described
in section 2.3. These frames are non rotating i.e. they do not rotate with the
wheel’s rotation, but they follow the topography of road surface the truck and its
wheel(s) move on (road elevation and banks). The acceleration of gravity is therefore
projected on the x and z axes in these frames.

Given the fact that wheel rim is a rigid body, then the equation (2.18) in 3D is given
as follows:

ap =8, +w X (WXr)+axr (2.19)
where
ap, Ao, W r1sinb Oy
ap = |ap, | 8 = |Gy, | W= |wy| T = 0 o= |,
ap, o, W, ricosd o,

Therefore equation (2.19) is:

Ao, — Tlsm@cuz + w, (wyricostd — w,rysing) + a,ricostd

p, | = |Go, — zric0s0 + ar18ind + wyw,ricost + w, wyrisind (2.20)
ap, Ao, — rlcoséwg — Wy (wyricost — w,rising) — ay,rysing

An IMU is placed at point P with its own sensor frame consisting of tangential,
lateral and radial directions given as t,, ys and rs respectively. This sensor frame
rotates with the wheel’s rotation and makes an angle # with the non rotating frame
at point P, with 6=0 when the two axes are aligned and increasing clockwise. The
IMU on the rim and the sensor frame rotate with the wheel at a speed of w, = 0
whereas, the frames at points P and O are non rotating and follow the trajectory
of the wheel in 3D space as described earlier.

Therefore, the non rotating frame at P can be transformed to the sensor frame also
at point P by a rotation matrix. Hence the acceleration vector from equation (2.20)
is reformulated as:

10



2. Theory

py [cosd 0 —sinf] [ay,,
apy = O 1 0 a/py
Gy, (sind 0 cosf | |ap,
—— —_——
aps Ry(-0) ap
[ ’ Zsin20 25in20

Ay (o, COSO — @, 5ING 4 2 4y wpw, c0820 — TR 4oy,
py | = o, + T1Wawy SN0 + 11Wyw. o8 — r10cos0 + ria;sing

; 2cos20 2 . 200520 2
Qp, | Qo, sinf + a,, cost — ”“’IQCOS — ”;w + ryww, sin26 — les + 7"1%;:08 _ m;uz

(2.21)

where ay,, a,, and a,, are the transformed acceleration axes in tangential, lateral
and radial directions respectively. It is assumed that rate of steering angle does not
change a lot during truck maneuvers and the rotation along z direction i.e., Rz is
ignored.

2.4.1 Assumptions and model simplification:

For the equation (2.21), certain assumptions are made to simplify the model.
Assuming the trucks are not being driven at high lateral accelerations and not high
road roll and pitch angle for vast majority of its operation, w, and w, and their
derivatives o, and «, can be assumed to be very small compared to w, and a, or
neglected. Also ignoring the lateral acceleration a,,, the equation (2.21) can be
simplified as:

p

, = T10y + a,, cost) — a,, sind

(2.22)

2 .
ap, = —T1W, + o, 080 + a,,sinb

r

2.5 Observer based estimation model

State observers or state estimators are systems used to reconstruct internal state(s)
z(t) € R™ of a modeled system, using measurements of the input u(t) € RP and
output quantities of the system y(t) € R™.

i(t) = Ax(t) + Bu(t)

y(t) = Cx(t) + Du(t) (2.23)

Using an artificial state space representation of the system having same matrices
Ae R, B e R C e R™™ and D € R™*P as the real system, the outputs
y(t) and §(t) are compared. The quality of the estimate Z is assessed by the difference
between y(t) and g(t) i.e. y(t)—CZ(t)—Du(t). Using this feedback to the simulation,
the observer is written as:

z(t) = Az(t) + Bu(t) + K (y(t) — 9(t)) (2.24)

11
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where K the observer gain is a n x m matrix. The difference between the true state
and the estimated state is called state estimate error

z(t) = x(t) — 2(t) (2.25)
From (2.23) and (2.24), we have the state estimate error dynamics:
z(t) = (A — KC)i(t) (2.26)

As all computation is done in discrete time, the representation of equation (2.24) in
discrete time is

Zpr1 = Ay + Bug + K(ye — U), Zr—o = Zo

2.27
O = CZp + Duy, (2.27)

and the state estimate error difference equation
T = (A= KC)Zy, (2.28)

The gain K has to chosen such that the state estimate error dynamics is stable;
eigen values for (A — KC) are on the left half plane for continuous time state-space
models and inside the unit circle for discrete time state-space models.

2.5.1 Kalman filters

Kalman filter is an optimal, recursive algorithm for state estimation for linear sys-
tems with Gaussian noises. The system consists of linear motion and measurement
models. The filter works by recursively predicting the object state using the motion
model and correcting the state using measurements in the measurement model.

It is common to have noise in the sensors and modeling uncertainties that causes
uncertainty in the estimates. The motion and measurement models of the system is
made as

where ¢ is the white Gaussian noise with co-variance Q).

where r,, are white Gaussian noise with co-variance R.
The filter consists of two variables:
o Posterior mean 2, at time k given observations upto and including k.
 Posterior estimate covariance Py
The filter has two phases: "Predict" and "Update". In the predict step, the filter
uses the state estimate from the current timestep to produce an estimate at next
timestep Z41%. In the update step, the difference between measurement prediction
and actual measurement information g, is multiplied by the optimal Kalman gain
K41 and combined with previous state prediction ;1) to refine the posterior state
estimate Trq1jp41-

12
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Predict:

o Predicted state estimate: 21, = A2y + Buy
o Predicted estimate covariance: Py = APy AT+ Qp

Update:

+ Updated state estimate: Zpi1jp41 = Trg1je + Kip1 (Y1 — CTpapp — Dug)
Updated estimate covariance: Ppyijri1 = Pryijp — Kk+15k+1Kg+1

Kalman gain: Ky, = Pk+1‘kC’TSk_j1

Innovation covariance: Siy1 = C’P;HWCC'T + Rpi1

This requires a time-varying gain matrix Kj,; that minimizes the variance of the
estimation error. The choice of K}, in the observer is a balance between sensitivity
to the measurement disturbances and adaptability to the influence of the system
disturbances [10].

Extensions of the Kalman filter for use in nonlinear systems exist, such as Extended
Kalman Filter (EKF) or the Unscented Kalman filter (UKF). The nonlinear mo-
tion and measurement models are linearized around the prior and predicted values
using first order taylor series expansion of the nonliner functions and then Kalman
prediction and update steps respectively are applied.

2.5.1.1 Extended Kalman filter
Given a motion model of form
Trpr = fzr, ug) + qr
it’s first order taylor series approximation around Z is given as
~ f(@) + f1(@0) 2k — 2x) + g

where f’(%y) is the jacobian of f.
Similarly, given a measurement model of form

Ye = (g, ug) + 74,
it’s first order taylor series approximation around Z is given as
~ W@k, uk) + B (Zx, up) (x5 — Tx) + 14

where h'(Zy) is the jacobian of h.
Since the rigid body motion equations are nonlinear in nature, the EKF is used as
the estimation algorithm in this thesis.

EKF Prediction step: This step uses the state estimate at time k to provide an
predicted estimate at time k£ + 1 using the nonlinear motion model f(x). Similarly
the predicted estimate covariance is calculated according to

Trprpe = f(Tagp, ue)

2.31
Pep = @) P S @) + Qi (2:31)

13
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EKF Update step: Using the predicted state estimate at time, a measurement
Yr+1 is used to update the prediction. This is achieved by using the difference
between the actual measurement and the predicted measurement to correct the
prediction. The Kalman gain K., decides how much or how little to trust this
measurement. Similarly the estimate covariance is also updated according to

Tri1ler1 = Torrpk + K Wrr — M Erape, )
T
Preyijp+1 = Prgrp — Krpp1Sk1 K544
1( A 1A T
Sky1="h ($k+1|k> uk)Pk+1\kh (xkﬂ\k’ ug)” + Ry

1A Tg—-1
Kiy1 = Popiph (Zrqae uk)” Sii

(2.32)

where Si1 is the innovation covariance.

Equations (2.31) and (2.32) form the basis of the estimator algorithm in this thesis.
The motion and measurement model that are used to estimate the states of interest
are described in section 3.4 and section 3.8.

2.6 Inertial Measurement Units (IMUs)

Inertial sensors are used to measure the motion of an object with respect to an in-
ertial frame. An inertial system generally consists of accelerometers and gyroscopes
combined to a single system, but can be used individually.

An individual inertial sensor can only sense a measurement along or about a single
axis. A three-dimensional sensor consists of three individual inertial sensors mounted
together in orthogonal directions called as a 3-axes inertial sensor. Similarly, a 6-axes
system consists of a 3-axes accelerometer and a 3-axes gyroscope.

2.6.1 Accelerometers

Accelerometers are sensors that measure both the linear acceleration and local grav-
ity vector, it can provide information both about the change in position and about
the inclination of the sensor. A MEMS accelerometer is a mass suspended on a
spring, this mass shifts from side to side when the accelerometer is subjected to
linear acceleration, the amount of deflection is a function of the acceleration.

If the gravity vector is aligned with the sensitivity axis as in Figure 2.5a, the ac-
celerometer measures the linear acceleration of the body as well as the acceleration
due to gravity. If the body is not accelerating, then the accelerometer in case of
configuration in 2.5a measures —1 g ~ —9.806 7.

A simplified accelerometer measurement model can be given as[11]:

Yo = Ri(a” +4") + 8 + e (2.33)

where R’ is the rotation matrix from the navigation frame n to the body frame b,
a" is the linear acceleration of the sensor (without gravity and its projection), ¢g" is
the gravity vector, bias §° and noise € in the body frame.

14
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Figure 2.5: Accelerometer model [1]

2.7 Roll and pitch angle of wheel hub

When negotiating a banked road or a elevated road, the wheel will have roll and
pitch movements. These, parameters are also defined in the ISO 8855 standard [9].
Using the same wheel coordinate axes from section 2.3, the roll and pitch angles of
the wheel are defined as in figure 2.6.

Az, vertical

[}

D

yaw

y, lateral

roll
z, longitudinal

Figure 2.6: Degrees of freedom and [SO coordinate system of wheel

Estimating the roll and pitch angles of the wheel is an orientation estimation prob-
lem. Orientation can be described in numerous ways, rotation matrix representation
uses 9 values to represent 3 degrees of freedom. Another method uses Euler angles,
i.e., a representation using three consecutive rotations around orthogonal axes. How-
ever, Euler angle representation is not unique — different sets of Euler angles can
correspond to the one rotation matrix, they also suffer from singularity or gimbal
lock. Another way is to use a unit length quaternion representation.

In this thesis, quaternions and accelerometers are used for estimates of roll and pitch
angle.
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2.7.1 Quaternions

Orientation of objects is commonly expressed using unit quaternions. It was first
introduced in [12]. A unit quaternion uses a 4DoF representation of the orientation

qo0
€z
q . .
q= q; = | cos(30)sin(36) ey | | = [cos(30)sin(30)er] . lleull2 =1, [lgll =1
€
g3

where ¢ is the rotation angle and e, is a vector of unit length around which the body
rotates.

In this thesis, the orientation of the wheel is a time varying quaternion vector which
is estimated using the EKF algorithm described in section 2.5.1.1.

Accelerometer measurements are used in the update step of the EKF using the
equation (2.33). The rotation matrix in that case can be represented using unit
quaternions as follows: [13] (eq-257,page:29)

. 1-2(3+q3) 2(q1q2 — 9093)  2(q1g3 + qoq2)
R) = 2(qiga + q0q3) 1—2(¢7 +43) 2(q2q5 — qo1) (2.34)
20143 — 90q2)  2(q2q3 + o) 1 —2(¢7 + 43)

The rotation matrix RP = (R%)T can be represented equivalently in three-angle
representation from Euler’s rotation theorem, using a ZY X rotation sequence with
®, © and V¥ as the rotations along x(roll), y(pitch) and z(yaw) respectively, the two
equivalent rotation matrices are shown below.

[1—-2(¢5+a3) 2(q1g2+ 90q3)  2(q1g3 — qog2)

Ry = |2(q1q2 — qog3) 1 —2(¢7 +¢3) 2(q203 + qor)

12(q1q3 + q0@2)  2(q2q3 — qoq1) 1 —2(qf +q3)

[cosWcos® cosPUsin® sin® — cos®sin¥  sinWsin® + cosVcosPsin®
= |cosOsinV cosVcos® + sinVsinOsin® cosPsinWsin® — cosWsind
| —sin© c0sOsind c0sOcosP

(2.35)

Using algebraic manipulations, the roll and pitch angles of the wheel hub can be
found from equation (2.35) as:

roll angle, ® = atan2(Rsz, R33)

(2.36)
pitch angle, © = atan2(— R, \/ R3, + R3;)
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Methods

This chapter deals with the simulation setup, implementation and methods used in
IMU sensor location, wheel speed estimation, roll and pitch estimation.

3.1 Sensor configuration

Based on concepts explained and derived in sections 2.4 and 2.7, the following IMU
sensor configuration is used in this thesis:
o IMUs with three axes i.e. accelerometers that measure accelerations in 3 or-
thogonal directions are used.
e One IMU is placed on the rim of wheel(s) to measure the tangential (ay,),
lateral (a,,) and radial (a,,) accelerations in % units.
e On IMU is placed on the hub of the wheel, the sensor frame is non-rotating
but follows the trajectory of the center of the wheel along the road surface.
The axes of the sensor follow the ISO 8855 convention as described in section
2.3. In Modelon Impact it is not possible to measure acceleration in body co-
ordinates, therefore acceleration in inertial coordinates is recorded. Whereas,
in TruckMaker this IMU measures acceleration in body coordinate system.
e The wheel hub IMU follows the ISO 8855 ENU axes convention.
o The measurements from the IMU are generated at 1000 Hz sampling frequency.

3.2 Simulation environment

In this thesis, a model-based design approach is implemented. Initially, the physics
of the problem, the system dynamics, and the estimator models are investigated and
examined within a simulation environment using ground truth signals. Subsequently,
a sensor model is developed to emulate real sensor measurements and to facilitate the
development of the estimator in a Model-In-the-Loop (MIL) environment. Future
work includes testing the estimator with real measurement data.

3.2.1 Modelon Impact

Modelon Impact is an Open Web & Modelica-based simulation environment, which
offers system-level modeling, simulation, optimization and analysis to drive engineer-
ing insight and decision-making. Modelica is a physical modeling language where
the physics-based equations are used to make a model in acausal format. Model-
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ica is suited for modeling of complex systems which is widely used for model-based
system engineering[14].

Modelica-based acausal models are more trustable because they offer a higher fidelity
representation of physical systems through equation-based, declarative descriptions.
This approach ensures better accuracy, modularity, flexibility, and adaptability,
making it easier to model, simulate, and validate complex physical systems com-
pared to causal, algorithmic models. Therefore, in this thesis, in the first step sim-
ulations were performed in Modelon Impact environment to conduct investigation
and verify the derived equations of motion of theory section.

A built-in truck model is used and a three-axes accelerometer with a rotating frame
is mounted on the rim of the truck wheel(s), while an additional three-axis ac-
celerometer with a non-rotating frame is mounted on the hub of the wheel(s) to
measure accelerations (gravity+body acceleration or body acceleration). Addition-
ally an absolute angular velocity sensor is mounted on the rim of the wheel(s) to
measure the angular velocity of the wheel(s). The setup of sensor frames on wheel(s)
can be visualized in figure 3.1.

(a) Truck in Modelon Impact (b) Sensor frames in Modelon Impact

Figure 3.1: Modelon Impact visualization

3.2.2 IPG TruckMaker

IPG TruckMaker is a specialized simulation software designed to provide compre-
hensive capabilities for the development and testing of trucks, buses, and other
heavy-duty vehicles. It excels in simulating the complex dynamics of commercial
vehicles. It also allows for precise modeling of real-world test scenarios in a virtual
environment, enhancing the speed and flexibility of development processes.

With rapid virtual prototyping, TruckMaker provides a high-performance, real-time
or faster than real-time capable vehicle model that enables the creation of virtual
prototypes early in the development process. The software can integrate real-world
data, enhancing the accuracy of simulations. This includes environmental condi-
tions, road surfaces, and traffic scenarios. Real-time simulation is another standout
feature of IPG TruckMaker. It supports hardware-in-the-loop (HIL) and software-in-
the-loop (SIL) testing, allowing for immediate feedback and iterative development.
Integrating IPG TruckMaker into existing development tools is easy due to its many
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standard interfaces and support for formats like FMI. Additionally, with interfaces
like Matlab, IPG TruckMaker can act as a central integration platform for various
tools and systems.

Using TruckMaker, different test scenarios (road and driving scenarios) are modeled,
and different IMU sensor configurations are arranged. The IPG Automotive Sweden
team provided a customized TruckMaker version in which IMU(s) could be mounted
on the wheel(s) of a truck. This truck model was then simulated under different
driving and road conditions, to generate ground truth, sensor measurement data
and other signals of interest. Along the rim mounted IMU, an additional IMU is
placed at the center of the wheel (hub IMU). The sensor frame of the rim IMU is
rotating with the wheel, whereas the hub IMU is a non rotating frame, following
the trajectory of the wheel in 3D space.

Figure 3.2 shows an IMU mounted on the rim of a truck wheel in TruckMaker.

Figure 3.2: TruckMaker visualization

The rim IMU measures the acceleration (gravity+body acceleration) in the tangen-
tial, lateral, and radial directions. These accelerations are a function of the wheel’s
angular displacement (@), angular velocity (w), angular acceleration («), radial dis-
tance (ry) and acceleration (gravity+body acceleration) at the center of the wheel
(a,, and a,,) as described in equation (2.22).

The measurements from the IMU are ideal values i.e. without noise, bias or axis
misalignment. Figure 3.3 shows measurements from the rim accelerometer and gy-
roscope from IMU mounted on the rim of a truck moving in a straight line on a flat
road accelerating for some time and then driving at constant velocity.

3.3 Development process
The process started with modeling a rigid body and deriving its equations of motion.

These equations were initially verified using Modelon Impact. Following this, various
scenarios were tested and the results from IPG TruckMaker were compared with
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Figure 3.3: Rim IMU measurements on TruckMaker

those from Modelon Impact. After bench-marking the verification results, IPG
TruckMaker was chosen for further simulation and development work due to its ease
of modeling roads and handling complex scenarios.

3.4 EKF implementation

The simulation environments (Modelon Impact and IPG TruckMaker) generate mea-
surements from the IMUs (rim and hub), these measurements are imported into
MATLAB for processing. The Extended Kalman Filter (EKF) is implemented in
MATLAB to estimate the desired state variables based on the sensor measurements.

The state variables chosen to be estimated in this thesis are: wheel angular dis-
placement 6, wheel angular speed w and the wheel angular acceleration a. z(t) =

ot) w(t) a(t)]

Estimating the wheel speed is of major importance as it is an input for algorithms
like wheel slip control [15]. Providing accurate and fast angular speed estimates can
greatly improve performance of these algorithms. Accurate estimates of absolute
angular displacement 6 is important in autonomous vehicle solutions, where knowing
the exact position of wheel can be of great importance. Angular acceleration « is
also of importance to vehicle motion algorithms.
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3.4.1 Motion model

The motion model chosen for the observer design is a constant angular acceleration
(& = 0) model. This model can be formulated in continuous time domain as follows:

6] o 1 0] [
o) = [0 0 1| |wt)| +a(t) (3.1)
a®] 10 0 o] la@)

N~—— —_—
& (t) z(t)

5

The model in equation (3.1) is a linear model and as described in section 2.5.1.1,
the model has to be discretized to arrive at form xp, 1 = Arxr + Q-
For a continuous time linear system of form

x(t) = Ax(t) (3.2)
it can be shown that
o(t+T) = exp(AT)z(t) (3.3)
— Ay, = exp(AT)

where T' is the sample time. Using the Taylor series expansion of exp(AT) = I +
AT + AZT; and ignoring higher dimensions, Ay = A can be derived as:

2

A
A=10 1 T (3.5)

00 1

Therefore the discrete time motion model can be described as:

O 1 7 2 [0
we| =10 1 T |wWg_1]| +qn (3.6)
(073 0 O 1 (677 u)
N———
Th+1 A Tk

where ¢, is the discrete time motion noise with zero mean and covariance @
@ ~ N(0,Qr), Qr € R¥? is the covariance matrix (positive semi-definite and
symmetric).

3.4.2 Measurement model

The measurement model for the observer is based on equations derived using the
rigid body kinematics of the wheel that relate the accelerometer measurements to
the state variables. Therefore, the measurement model can be formulated as:
—riwi 0 nd
[aphk] _ [ TWy, + Ao, k COSOE + Ao, 1 STNOY 4 (3.7)

Apy ke r10% + Ao, ) COSOK — o, 1 STNO)

Yk h(zg,ug)
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where 7, ~ N(0, Ry,) is the measurement noise and Ry € R?*? is the measurement
noise covariance matrix. wuy is the input parameter, a,, ; and a,, j are the input
signals from the non rotating hub IMU.

The equation (3.7) is non-linear and h(xy, uy) is the non-linear function that relates
the state and input variables to the tangential and radial accelerations of the rim
IMU.

rSince the EKF algorithm in section 2.5.1.1 uses the jacobian matrix h'(xy, ug),
it can obtained by partial differentiation of h(xy,uy) w.r.to. the state vector zy,
R (zg,ur,) = 2. Therefore, the jacobian matrix can be obtained as:

T oz
/ _[on on oh
W (g ur) = [ o8 ot
| o,k cO80, — ao, ST, —2riwy O (3.8)
| =@, k oSO — a,, i IOy 0 T

In equations (3.7) and (3.8), if the hub IMU measurements are not available, suitable
approximations to a,, and a,. can be made, since the hub IMU sensor frame is non-
rotating, a,, ~ (g = 9.806 %) and a,, =~ a, the linear acceleration of the truck
transformed into wheel-coordinate at the center of the wheel.

3.5 Accelerometer model

In order to replicate real world setup of accelerometers, it is essential to add noise
and drift to TruckMaker’s ideal sensor measurements. An accelerometer model that
replicates a accelerometer was designed based on the Mathworks’ implementation

[16] of the model.
The model consists of following components:

3.5.1 Axes misalignment and bias

If TrueMeas € R3>*N (s%) is the set of true accelerometer measurements, then the
measurements after axes misalignment and constant bias are added

1 = T
100 100 T .
b=||#& 1 &|TrueMeas + ConstantBias
moom
100 100

where 71, 19, and 73 are given by the first, second, and third elements of the
AxesMisalignment property of the sensor.

3.5.2 White Noise Drift

S leRat
L=w ( W) NoiseDensity
s

where w is the white noise with variance 1, Sample Rate (H z) is sampling frequency

of the measurements, s = 1 or2 as the scale variable and NoiseDensity (%) is a
property of the sensor.
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3.5.3 Random Walk Drift

RandomW al k)

&ao(k) = &(k — 1) + w(k) ( \/@

where RandowmW alk (\%j)) is a property of the sensor.

3.5.4 Environmental Drift Noise

The environmental drift noise is modeled by multiplying the temperature difference
from 25 deg C' with the temperature bias.

A, = (Temperature — 25)TemperatureBias

where Temperature (degC) is the temperature of the sensor and TemperatureBias

(ZZ;;) is a property of the sensor.

3.5.5 Quantization Model

Combining the above noise and drift parameters as follows:
c=b+A.+& +&

The measurement is then saturated as:

MeasurementRange, if ¢ > MeasurementRange.
d = { —MeasurementRange, if —c < MeasurementRange.
c, otherwise
where MeasurementRange (73) is a property of the sensor.

the final output from the accelerometer model accReadings is given as

Resolution

accReadings = Resolution (Tound <d>>

m/s?
LSB

Figure 3.4 shows the accelerometer model used in the simulation of sensor noise and
bias.

where Resolution ( ) is a property of the sensor.
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NoiseType RandomStream
NoiseDensity RandomW alk
'SampleRate / Seed
/. AN
y K R | A
White noise Random walk| | w an ; m
drift drift < number
generator
TemperatureBias
Temperature
Environmental
drift
TrueMeas i accReadings
Bulk model Quantization
model
constantBias Resolution
AzxisMisalignment Measurement Range

Figure 3.4: Accelerometer model

The values for the above sensor properties collected from the datasheet of an IMU
manufacturer are given in table 3.1.

Property Value Unit
Measurement Range | 100 - 9.81 =
Resolution % ’Zé ‘;32
Constant Bias 0 %
NoiseDensity 15¢73.9.81 %
Temperature 25 degC
TemperatureBias 0 ;”e/g 562,
SampleRate 1000 Hz
AxesMisalignment | 0 %
NoiseT'ype 2 _
RandomW alk 15e73-9.81 :’;g

Table 3.1: Accelerometer parameters

3.6 Sensor position at initialization

For the observer to estimate the states accurately, it is important to know the true
value of states at the beginning of the simulation i.e., initial state at time to, z(to).
The states of angular velocity w and acceleration a are assumed to wg = 0 and
ag = 0, whereas the value of 6, can be calculated as follows
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From the equation (2.22), at time ty, a,, 0 =0, wp = 0, ap = O:

Upy0 = — 0o, 0 SINYy (3.9)

Ap,.0 = Ao, 0 COSty

where a,, is the acceleration from the hub IMU in the body coordinates. Therefore,
the sensor position at initialization can be estimated as

6y = arctan 2(—ay, 0, ap, 0) (3.10)

The equation (3.10) is only valid for sensors with no noise. Therefore for noisy
sensor measurements following steps are used:

1. Collect 0.5 seconds of rim IMU sensor measurements in the beginning sequence,
assuming that the vehicle is stationary of that period of time.

2. Two low pass butterworth filters are used to filter noisy measurements of the
cropped radial and tangential accelerations from step 1.

3. A set of initial positions ¢g is calculated for the filtered measurements from
step 2 using equation (3.10).

4. The median of set ¢g is used as the sensor start position.

0o = median(eo)

3.7 Covariance matrices

The observer has three matrices to be selected for effective performance, @y, Ry and
P.

3.7.1 The measurement noise covariance matrix R

According to the central limit theorem, given a sequence of i.i.d. random variables
with E[X;] = u and Var[X;]=0?. As the sequence approaches infinity, the random
variables converge to a normal distribution ~ A/(0, 02)[17]. The units of the diagonal
elements in the measurement noise covariance is always the squared of the units of
a measured variables that they represent. The off-diagonal elements have the units
of product of the corresponding variables units.

To determine the covariance of the radial and tangential acceleration values, sensor
measurement is taken when the truck is stationary and on a flat road. Figure 3.5
shows the distribution of the sensor measurement when truck is stationary and on
flat surface. The the mean and covariance values for these measurements are in
table 3.2.
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Figure 3.5: Rim IMU measurements when truck is stationary

Signal Mean [%5] Covariance
Radial acceleration ay, 9.7909 10.8250
Tangential acceleration a,, -0.3013 10.8493

Table 3.2: Mean and covariance values of stationary sensor measurements
Therefore the noise covariance matrix is

5 108250 0
~ | 0 10.8493

3.7.2 The prior covariance matrix P

The prior state covariance matrix Py € R3*3 defines the uncertainty of the state
variables at %, since the sensor position 6y is known from section 3.6 and that
wo = g = 0, the prior uncertainty Fy is low. The units of the diagonal elements in
the prior covariance is always the squared of the units of state variables that they
represent. The off-diagonal elements have the units of product of the corresponding

variables units.

le2 0 0
By = 0 le=2 0
0 0 le 2
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3.7.3 The motion noise covariance matrix Q

The motion noise covariance matrix () describes how much the predicted state devi-
ates from the previous estimate i.e., p(Zx41|%). As trucks and cars in general tend
to move under constant acceleration and constant velocity conditions for a major
portion of time, the values of the ) matrix tend to be small. The units of the
diagonal elements in the motion noise covariance is always the squared of the units
of state variables that they represent. The off-diagonal elements have the units of
product of the corresponding variables units.

Therefore, the () matrix chosen for the estimation in this thesis through experimen-
tation are split based on the speed of the wheel. If the wheels rotates with with
speed w > 1.5rad/s, the (Q matrix is chosen as:

de=% 0 0
Q=] 0 4e?* 0
0 0 9e3

and if the wheel speed is w < 1.5 rad/s:

1e=6 0 0
Q=0 1le% 0
0 0 le©

3.8 Roll and pitch angle estimation

In section 2.7 and in equation (2.33), we relate the hub accelerometer measurements
to the roll and pitch angles of the road. The relation in (2.33) will only be valid if
the a™ acceleration vector is available. As accelerometers measure both the linear
acceleration and the local gravity vector, measuring or estimating acceleration of a
vehicle accurately without the influence of gravity is a challenging task. TruckMaker
provides acceleration vector of the truck in ISO 8855 standard definition, another
way to accurately measure the linear acceleration of the vehicle could be to use ego
motion estimates of acceleration of the truck obtained using radar measurements.

3.8.1 Orientation estimation using true acceleration values

T
Using the TruckMaker’s linear acceleration a” = e = [az ay az} values, the
equation (2.33) can be formulated as equation (3.11):

3.8.1.1 Relation between quaternion and acceleration

o, 1-2(+¢2) 2(1g2 — qq3) 2(q1g3 + qog2) | [az +0
oy | = |2(q1q2 + qoa3) 1 —2(qi +&3) 2(q295 — qoq) | |ay +0 (3.11)
(o, 20193 — q0q2)  2(q2q3 + qoq1) 1 —2(¢? +q3)| |a. + g

An EKF observer which estimates the quaternion ¢, = {qok Q. 92, Q3k:| over time
has the following motion and measurement models:
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3.8.1.2 Motion model for orientation estimation

Usual orientation estimation algorithms like [18] and [19] use gyroscope measure-
ments of the angular velocity as input signal for quaternion prediction, in absence
of gyroscope measurements a simple random walk motion model is used:

Qo 1 0 0 0] [qo,
q1k+1 . O 1 O O qlk

+ v 3.12
T2y 00 1 0f|g, K (3.12)
T 00 0 1] lgs,

=

where vy, ~ N'(0, M}) is white noise with covariance matrix M, € R**.

3.8.1.3 Measurement model for orientation estimation

Using the equation (3.11), the measurement model that is used to update the pre-
dicted state vector can be formulated as:

Ao, 1-2(3, +a5)  2(q1,920 — 90,33.) 2(q1,93, + %0, %2,)] [@ap +0
Ao, k| = 2(q1, 92, + 90,93,) 1— 2(Q%k + qgk) 202,93, — 90,91,) | @y + 0| +wy,
Ao,k 2(q1, 93 — 90,92)  2(42.93, + G0, q1,) 1 — 2(Q%k + qi) Az + 9

h(Qk,ank)

(3.13)
where wy ~ N (0, Ry) is white noise with covariance matrix R, € R3*3.
As the function h(q, a,,) is nonlinear in nature, its jacobian matrix h'(g, a,,) is given
as follows:

a; +0
oh Oh Ok  Oh
n(q, an) = {aTO 0 o0 aT,J - lay +0 (3.14)
a+g
where the partial derivatives in equation (3.14) are given as follows:
ah [0 2q3  —2¢2 oh 0 2¢ 2g3
(97 = |—2¢3 0 2¢1 87 = (2¢a —4q1 2qo
© 12 —2¢ 0 ]9 |2¢5 —2q0 —4q
on |7 20 2w 5[4 200 2
90 2¢¢ 0 2g3 e —2q0 —4q3 2¢o
© |20 2g5 —4g| 9B 20 2¢O

Using the estimated quaternion vectors, the orientation of the truck wheel can be
estimated using equations (2.35) and (2.36):

[1—-2(5+a3) 2(q1g2+ 90a3)  2(q1G3 — qog2)

Ry = |2(q1q2 — qogs) 1 —2(¢7 +3) 2(q203 + qor)

1200103 + q0@2)  2(q2q3 — qoq1) 1 —2(qf +q3)

[cosWcos® cosPUsin® sin® — cos®sin¥  sinWsin® + cosVcosPsin®
= |cosOsinV cosVcos® + sinVsinOsin® cosPsinWsin® — cosWsind
—sin® c0sOsind c0sOcosd

(3.15)
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roll angle, ® = atan2(Rsz, R33)

pitch angle, © = atan2(—Rs1,\/ R3, + R3;)

3.9 Closed loop simulation

(3.16)

A wheel slip controller is developed in TruckMaker for Simulink. The controller was
parameterized and integrated into TruckMaker program as a plugin model. This
controller takes vehicle longitudinal speed, longitudinal acceleration and wheel speed
as inputs and applies a sliding mode slip control to the brake system. The sliding
mode algorithm, developed for speed-dependent wheel slip control is presented in
[15], where the braking torque M, is given as:

Ju, [wo,r s
z r ey —k——— — 3.17
n ( R P ‘“) 347

T

Mb = Tbe +

where:
o F, is the longitudinal tire force
o J is wheel moment of inertia
o 1, is effective rolling radius
o 13 is the loaded radius at which braking force acts
e k is the sliding mode controller gain
e 04, is the slip limit
e w is the wheel speed
o 1, is the derivative of the longitudinal velocity at the wheel coordinate system
o ¢ is used to define a boundary layer
e ¢ is the proportional term
e 5 =0, — 0q_1is the sliding surface, with o, is the longitudinal wheel slip

T

WwTre
Oy =

-1 3.18
" (319

The standard values considered in equation (3.17) are:

§=1e™?
k=28

¢ =10

r, = 0.505m
J =10 kgm?

The wheel speed estimator designed provides the slip control model with wheel speed
values (Z = w). The slip controller provides the truck model in TruckMaker with
braking torque values (Uorque) and in response the truck model provides the wheel
speed estimator with IMU measurements (y and u;) and other signals such as F,
ry, 04, and v, as input (ug) to the controller. A block diagram of the closed loop
simulation is shown in figure 3.6. Simulation of a braking scenario where the slip
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control algorithm is active is used to evaluate the response, stability, and robustness
of the wheel speed estimator at different sensor sampling intervals.

» Truckmodel

U1
: <
Utorque Estimator | L
<« v
Y
z
. <
Slip controller |
Y
U2

Figure 3.6: Closed loop simulation model

3.10 Test Scenarios

The truck model with IMU on the rim and hub of a wheel is simulated under
different driving conditions in the simulation environments described in section 3.2,

the conditions are follows:

Maneuver Speed of truck Additional parameter
Truck traveling in straight line 90 km/h -

from 0 km/h standstill
Making a lane change 90 km/h -
Truck going up and down 90 km/h Gradient:21% uphill (15°),
an elevated surface 26% downhill (25°)
"Figure-8" with road bank 25km/h 12° bank angle
Slalom 40 km/h Steering angle: 4+50°
Very slow forward motion (creep) 0.3m/s -
Potholes and bumpy surfaces 90 km/h -
Slip Control active 80 km/h Friction: 0.3,

Slip limit:—1e™!

Table 3.3: Test matrix
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Results

This chapter will present a detailed discussion on the results related to the verifi-
cation of rigid body kinematics, as well as the estimation of angular displacement,
angular velocity, angular acceleration, and the determination of roll and slope angles.

4.1 Verification using Simulated Data:

The equations derived using rigid body kinematics as mentioned in equation (2.21)
are verified using data generated from Modelon Impact in few driving scenarios.
The verification involved computing the right hand side (RHS) of the rigid body
equation and comparing it with the left hand side (LHS) of the equation (2.21). The
left hand side are measurements from the rim IMU. Due to flexibility of TruckMaker
in designing complex scenarios and model in loop development, verification of the
same rigid body equations was carried out in TruckMaker. By verifying the equation
(2.21), its performance could be evaluated and to see how well it performs in the
estimation stage.

4.1.1 Verification of tangential acceleration

The tangential acceleration in the sensor frame from equation (2.21) is given as

r w? sin26 r w? sin26
— W, c0820 — —E———

ap, = @y, c0S0 — a,_ sind + 5 5

+ria, (4.1)

The values for the parameters 0, w,, w., a,,, a,,, &, and a,, are recorded IMU data
at the rim and the wheel hub and other sensor measurements in Modelon Impact
and TruckMaker. Then the right side of equation (4.1) is computed and compared
to the left hand side of the equation.

The figure 4.1 shows the tangential acceleration of the rim IMU verified with truck
traveling in a straight line using Modelon Impact
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Figure 4.1: Verification of rim IMU tangential acceleration using Modelon Impact
in straight maneuver

The error between the two sides of the equation is quite small and is mostly due
to numerical precision of sensor measurements. The table 4.1 shows the error that
was observed during verification of equation (4.1) in different scenarios in Modelon
Impact. Plots for these scenarios are in Appendix A.

Maneuver mean(|Error|) [%] RMSE [%] max(|Error|) [%]
Straight 0.005 0.005 0.009
Double lane change 0.060 0.124 0.514
Steer ramp 0.447 0.683 2.129

Table 4.1: Verification error in tangential acceleration using Modelon Impact

Similarly, verification of equation (4.1) was performed for TruckMaker data under
different scenarios.

Figure 4.2a shows the verification results for tangential acceleration measurements
for a truck driving in slalom maneuver. The error for this and other maneuvers are
shown in table 4.2.

The error is mainly due to unmodelled dynamics in the equation (4.1) like «,, the
rate of road wheel angle changes. Plots for other scenarios are in Appendix A. The
table 4.2 shows the error that was observed during verification of equation (4.1) in
different scenarios in TruckMaker.
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Figure 4.2: Verification of rim IMU tangential acceleration using TruckMaker in

slalom maneuver

Maneuver mean(|Error|) [%] RMSE [%] max(|Error|) [%]
Straight 0.449 0.594 0.972
Creep 0.007 0.008 0.062
Slope up-down 0.590 0.678 1.840
Slalom 0.372 0.445 0.972
Figure 8 with bank 0.229 0.273 0.933

Table 4.2: Verification error in tangential acceleration using TruckMaker
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4.1.2 Verification of radial acceleration

The radial acceleration in the sensor frame from equation (2.21) is given as

riwcos20  riw? , s Tiwicos20  riw
— +1riWew,8tn20 —riw —

2 2 Y

2
z

ap, = Ao, ST +a, cost — 5
(4.2)
The values for the parameters 0, w,, wy, w., a,,, a,, and a,, are recorded from the
IMUs and other sensor measurements in Modelon Impact and TruckMaker. Then
the right side of equation (4.2) is computed and compared to the left hand side of
the measurement.

The figure 4.3 shows the radial acceleration of the rim IMU verified with truck
traveling in a straight line using Modelon Impact.
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Figure 4.3: Verification of rim IMU radial acceleration using Modelon Impact in
straight maneuver

Similar to the tangential acceleration, the error between the two sides of the equation
is quite small and is mostly due to numerical precision of sensor measurements. The
table 4.3 shows the error that was observed during verification of equation (4.2) in
different scenarios in Modelon Impact. Plots for these scenarios are also in Appendix
A.

Similarly, verification of equation (4.2) was performed for TruckMaker data under
different scenarios. Figure 4.4a shows the verification results for radial acceleration
measurements for a truck driving in slalom maneuver. The error for this and other
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maneuvers are shown in table 4.4. Plots for other scenarios are also presented in
Appendix A.

The error is mainly due to unmodelled dynamics in the equation (4.2) like o, the
rate of steering wheel angle changes.
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Figure 4.4: Verification of rim IMU radial acceleration using TruckMaker in slalom
maneuver
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Maneuver mean(|Error|) [%] RMSE [%] max(|Error|) [%]
Straight 0.0050 0.0055 0.0090
Double lane change 0.0602 0.1235 0.5149
Steer ramp 0.4475 0.6827 21117

Table 4.3: Verification error in radial acceleration using Modelon Impact

Maneuver mean(|Error|) [%z] RMSE [%] max(|Error|) [%]
Straight 0.499 0.594 1.065
Creep 0.007 0.008 0.106
Slope up-down 0.590 0.678 1.840
Slalom 0.372 0.445 1.065
Figure 8 with bank 0.229 0.273 1.448
Active slip control(open loop) 0.266 0.656 3.569

Table 4.4: Verification error in radial acceleration using TruckMaker

4.2 State estimation using simulated data

4.2.1 Estimation of angular speed

After verifying and validating the equation (2.21), the simplified equation (2.22) is
used for the estimation algorithm described in 3.4. The developed EKF state ob-
server, is utilized to estimate the states of angular displacement (6 [rad]), angular
velocity (w[rad/s]), and angular acceleration (a[rad/s?]). Simulation data is gen-
erated under various driving scenarios using TruckMaker, to the ideal sensor data
generated in these scenarios, noise is added according to the accelerometer model
described in section 3.4. The prior and tuning parameters used for the EKF in all
scenarios are in section 3.6 and 3.7 respectively. The results from the estimation are
presented here.

Estimating the angular speed with high accuracy and fidelity compared to existing
solutions under various driving scenarios is of particular interest in this thesis.
Figure (4.5) shows the estimation of angular speed estimation using the rim and
hub IMUs of the front-left wheel of the truck performing a slalom maneuver. The
estimation is compared to the true angular speed of the same wheel and estimation
error is also shown.

In this maneuver, the truck first accelerates to 90 km/h from standstill in a straight
line, followed by a sequence of turns around cones in alternate directions with con-
stant vehicle velocity of 40 km/h before accelerating back to 90 km/h. This sim-
ulation provides diverse driving patterns that includes significant longitudinal and
lateral accelerations, steering wheel angle changes, variations in longitudinal speed
and brake torque. The longitudinal speed, steering angle, and brake pedal status of
the vehicle are also plotted and are shown in figure 4.6 for the slalom maneuver.
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Figure 4.5: Angular speed estimation versus true in Slalom maneuver
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Figure 4.6: Longitudinal speed, steering angle and brake status in Slalom maneu-

ver

The figure 4.5 shows a very good estimation of w, with the estimator performing
well with |error| < 0.5 rad/s for most parts of the maneuver. The larger error at the
beginning of the measurement is due to large transients and a compromise between
the EKF being very adaptive to transients or being an aggressive smoother.
The table 4.5 shows the estimation error for this and other maneuvers.

Maneuver mean(|Error|) [**] RMSE [*/] max(|Error]|) [*]
Slalom 0.075 0.262 2.946
Creep 0.034 0.061 0.618
Slope up-down 0.051 0.217 2.848
Straight 0.954 0.357 2.850
Figure 8 with bank 0.093 0.247 2.846
Active slip control(open loop) 0.132 0.283 3.127

Table 4.5: Error in angular speed estimation using TruckMaker

When there is no torque applied on the wheel, the angular speed w can be used to
measure the linear velocity v, of the wheel using the relation v, = r,w. A 1km/h =
0.278 m/s change in linear velocity of a wheel with r, = 0.505m, translates to
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0.55rad/s change in angular speed. Therefore, wyy, = wWiun £ 0.550rad/s can be
considered as the upper and lower limits of estimation.

Figure 4.7 shows the estimate plotted against 1 km/h based error limits.
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Figure 4.7: Angular speed estimation with error limits in Slalom maneuver

Results of angular speed estimation for other scenarios are in Appendix B. Accurate
estimation of w has therefore been achieved under different conditions which is a
major goal of this thesis.

4.2.2 Estimation of angular displacement

Estimating the angular displacement of the wheel (6) is also a major scope of this
thesis, this would involve knowing the initial position of the rim IMU(s) on the wheel
0y using the section 3.6 and then using it as the first element of the prior zy vector
to calculate the angular displacement 6 as the wheel rotates.

4.2.2.1 Estimation of initial position

The left wheel of the truck has 6 IMUs mounted on its rim as in figure 4.8, the true
value of fy and their estimates obtained using noisy accelerometer measurements of
the rim IMU when the truck is standstill using the estimation method described in
section 3.6 are shown in table 4.6.

Sensor | True position [rad|(deg) | Estimated position [rad](deg)
Sensor 1 | 0.030 (1.740) 0.005 (0.182)

Sensor 2 | 1.077 (61.740) 1.0833 (60.552)

Sensor 3 | 2.823 (161.740) 2.815 (162.740)

Sensor 4 | -3.111 (181.740) -3.019 (183.760)

Sensor 5 | -2.064 (241.740) -2.063 (241.764)

Sensor 6 | -0.668 (321.740) 10.656 (321.798)

Table 4.6: Estimation results of initial sensor position
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Figure 4.8: Wheel with 6 rim IMUs

4.2.2.2 Estimation of relative angular displacement

The angular displacement is calculated as 01 = 0 + Twy + T;ak, where wy, is the
estimated angular speed from section 4.2.1 and o, is the estimated angular accel-
eration from section 4.2.3. For the same slalom maneuver as previously used, the
angular displacement estimation is shown in figure 4.9, also shown is the estimation
error. The estimated @ is wrapped between 0 and 27.

Maneuver mean(|Error|) [rad] RMSE [rad] max(|Error|) [rad]
Slalom 0.108 0.135 0.663
Creep 0.034 0.041 0.192
Slope up-down 0.138 0.164 0.606
Straight 0.127 0.149 0.603
Figure 8 with bank 0.086 0.112 0.643
Active slip control(open loop) 0.126 0.294 3.126

Table 4.7: Error in angular displacement estimation using TruckMaker

Accurate estimation of 6 is a combination of estimating 6y and the relative displace-
ment, this been achieved under different conditions. Results of angular displacement
estimation for other scenarios are in Appendix B.
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Figure 4.9: Angular displacement estimation versus true in Slalom maneuver

4.2.3 Estimation of angular acceleration

The last state to be estimated is the angular acceleration « of the wheel. The
angular acceleration estimation of the wheel in the same slalom maneuver is shown
in figure 4.10. The error in estimation of « also shown. The relatively higher error
in estimation of « is due to the limitations of the EKF, and the balance between
EKF being adaptive to transients or being an aggressive smoother.

Maneuver mean(|Error]) [%4] RMSE [*%] max(|Error|) [*4]
Slalom 0.599 1.030 7.345

Creep 0.030 0.136 3.360

Slope up-down 0.610 0.955 6.888

Straight 0.740 1.338 7.304

Figure 8 with bank 0.653 1.012 6.560

Active slip control(open loop) 6.597 33.048 624.876

Table 4.8: Error in angular acceleration estimation using TruckMaker
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Figure 4.10: Angular acceleration estimation versus true in Slalom maneuver

Results of angular acceleration estimation for other scenarios are in Appendix B.
The results from the estimator show that estimation to be accurate to a large extent
with minimal error between the true and estimated states. The estimation accuracy
can be improved based on the end user’s need. If accuracy of w is of higher priority
that the other estimates, than the EKF can be tuned to meet that requirement and
vice versa to other states. The tuning that was used in this thesis is a balanced
outcome of accuracy and speed of the filter.

4.3 Open loop simulation

The slip controller described in section 3.9 was developed in TruckMaker for Simulink
and embedded into TruckMaker. The controller would supply the truck model with
the braking torque and the inputs to the controller would be outputs from the
truck model. The initial approach involved embedding the estimator and controller,
where the estimator would supply angular wheel speed information to the controller
and other parameters from the truck model to create a estimator-controller-model
simulation. However, this attempt was not successful due to lack of time in getting
and the controller and estimator to work correctly in parallel.
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For the open loop simulation, only the slip controller was embedded into Truck-
Maker to create a controller-model simulation. The data generated from truck was
then processed through the estimator to calculate the angular displacement, angular
speed, and angular acceleration of the wheel. In future, the controller and estimator
would work in parallel.

Figure 4.11 shows the estimation of angular speed using the rim and hub IMUs of
the front-left wheel of the truck in a scenario where the controller was active. In
this maneuver, the truck first accelerates to 80 km/h from standstill in a straight
line for first 15 seconds, and the brake is applied before the vehicle comes to stand
still. The low friction (0.3) of the asphalt surface promotes the activation of the
controller.

The estimated angular wheel speed is compared to the true value and estimation
error is also shown in figures 4.11 and 4.12. Whereas figures 4.13 & 4.14 shows
the true vs estimated angular displacement and angular acceleration in active slip
control maneuver respectively.

The large error in estimation observed in figures 4.11, 4.13 and 4.14, is due to large
changes in angular acceleration of the wheel o under braking. The controller action
causes large changes in acceleration of the wheel. Since w and 6 are first and second
integrals of a respectively, a large change in acceleration is reflected on the angular
velocity and displacement states.
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Figure 4.11: Angular speed estimation versus true in active slip control (open
loop) maneuver
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4.4 Roll and slope estimation using true sensors

In section 3.8.1, estimating the roll and slope angle using accelerometers, quaternions
and the linear acceleration sensors (without effect of gravity) is formulated. The
estimator uses noisy acceleration measurements from the hub IMU and also noisy
acceleration values of the truck linear acceleration.

The roll and slope angles are usually measured in degrees and the estimation of the
angles are checked for following driving scenarios

Straight-up-down-straight: The truck travels in a straight line till 12 s, uphill
till 37 s, straight line till 60 s, then downhill till 75 s and then again straight till 150s.
The uphill portion of the trajectory has a negative sign in the slope plot according
to the ENU convention in the figure 4.15 and vice versa for the downhill portion.
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Figure 4.15: Roll and slope estimation versus true in straight-up-down-straight.

"Figure-8" with bank: The truck travels straight for 13 s and then along a
"Figure-8" pattern twice and then back on a straight trajectory as shown in figure
4.16. The "Figure-8" pattern has varying banked sections along its path.
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Figure 4.16: Roll and slope estimation versus true in "Figure-8" with bank.
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Straight with bank: The truck travels in a straight line but along a banked road
as shown in figure 4.17.
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Figure 4.17: Roll and slope estimation versus true in straight banked road.

Tables 4.9 and 4.10 show the accuracy of the roll and pitch estimates in different
scenarios. Since the bank and slope of of the road surface is a slow changing param-
eter, the estimation can be run slowly and the first 2 seconds of ignored for error
calculation.

Maneuver mean(|Error|) [deg] RMSE [deg] max(|Error|) [deg]
Straight-up-down-straight 0.320 0.401 1.384
Figure8-bank 1.666 2.187 5.914
Constant bank 0.770 0.938 2.293

Table 4.9: Error in roll estimation using TruckMaker

Maneuver mean(|Error|) [deg] RMSE [deg] max(|Error|) [deg]
Straight-up-down-straight 0.727 1.045 3.530
Figure8-bank 1.216 1.549 4.272
Constant bank 0.648 0.755 1.777

Table 4.10: Error in pitch estimation using TruckMaker

The results show that in presence of sensors that measure only the linear acceleration
of the truck (without effect of gravity), and a wheel hub accelerometer that measures
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the acceleration and projection of the gravity vector as the truck undergoes roll and
slope changes, the roll and slope angles of the wheel can be estimated to a high
accuracy.
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Discussion

5.1 Sensor modeling and simulation

The modeling and simulation of sensors in a virtual environment offers a reliable
platform for assessing sensor performance under different road conditions. To do
this, Modelon Impact and IPG TruckMaker were used in this study, proving their
ability to accurately simulate real-world events. Accurate wheel rotational speed
data as well as vehicle roll and pitch data were the main goals since they are essential
for control system development and vehicular dynamics analysis.

5.2 Verification of simulated data

The rigid body kinematic equations developed in this study were thoroughly veri-
fied using simulated data, first from Modelon Impact and then for complex scenarios
from IPG TruckMaker. As detailed in the results section, the error was found to
be low, underscoring the accuracy of these equations. Furthermore, to ensure con-
sistency and reliability, the equations were cross-verified between both simulation
environments. This was accomplished by generating and comparing data from sim-
ilar driving scenarios in each simulation platform.

5.3 Estimation accuracy and precision

According to the simulation results, wheel rotational speed may be estimated with
great accuracy, typically with an error margin of less than 0.55rad/s in most con-
ditions. The model’s ability to accurately estimate the wheel’s rotational speed is
indicated by its low error rate, which offers a further research and testing of related
technologies. The estimation of both angular displacement and angular acceleration
is also highly precise. The estimation could further be improved by using multiple
model Kalman filters [20] or other alternative estimation algorithms that couldn’t
be investigated in this thesis.

The accelerometer model implemented in this thesis only added noise to the ideal
sensors, whereas real world sensors will have axis misalignment, biases and temper-
ature related biases that were not used in this thesis. The estimation filter in this
case would need to be augmented with states that keep track of the biases and other
noise parameters or determining the bias separately and then add the contribution
of bias.
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5.4 Roll and Pitch information

The accurate estimation of vehicle roll and pitch was achieved using true linear
acceleration data. This information is critical for understanding the vehicle’s orien-
tation and dynamics during maneuvers. Similar to estimation of kinematics of the
wheel, estimation of the roll and pitch information is a balance between speed and
accuracy of estimates. For the sake of visualization and limitations of simulation,
scenarios used in this thesis contained roads with quickly changing and "unrealistic'
bank and slope values. In real world road conditions, the bank and slope values of
roads evolve slowly, this discrepancy needs to be addressed using filters that evolve
slowly compared to the implementation in this thesis.

5.5 Setup of sensors

At least one IMU sensor on the wheel rim per wheel is needed for estimation of
kinematic parameters. However, in order to estimate roll and pitch, a non-rotating
IMU installed on the wheel hub or any non rotating frame is needed, in addition to
radar or other estimates of vehicle’s longitudinal and lateral accelerations.

The rim IMU should at least have a 2-axes accelerometer mounted to measure the
radial and tangential acceleration of the wheel. The hub IMU should have a 3-axes
accelerometer measuring accelerations in x, y and z directions.

5.6 Limitations and Challenges

Despite the promising results, few limitations and challenges were identified:

o Power Delivery and Communication: Powering the sensors is a challenge
because they are positioned on the rims of each tire to estimate wheel speed.
The assessment is also contingent upon the other systems’ communication
dependability. There has to be more research done to determine how much
power the sensor uses for processing, transmission, and data collection.

e Operating Temperature of the IMU: There is a defined working tem-
perature range for the Inertial Measurement Unit (IMU) that is employed in
the simulation. Variations from this range may affect the sensor’s function-
ality and result in data inaccuracies. Maintaining the simulation’s accuracy
depends on the IMU operating within its ideal temperature range.

« Angular Velocities (w, and w,): The assumption that no significant angular
velocities are present around the z and z axes in relation to the y axis i.e.
Wy, = w, ~ 0 and a, = a, ~ 0 during most truck maneuvers. Although
Gaussian approximations often perform well in many filtering problems, they
may not be appropriate when the distributions exhibit characteristics such as
multi-modality, skewness, or other deviations from Gaussian behavior. Other
filtering alternatives like particle filters may be suitable.
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5.7 Future Work

There are additional difficulties when it comes to post-processing real data from a
real truck. To guarantee its dependability, the precision of the simulated sensor data
must be verified against actual data in future. The closed loop testing can be imple-
mented using the estimated wheel speed to develop a slip controller. Further studies
have to concentrate on resolving the highlighted constraints, specifically enhancing
the reliability of power distribution and communication and expanding the IMU’s
operational temperature range. Furthermore, in relation to w,, the angular veloc-
ities (w, and w,) are taken as zero. However, in situations where these velocities
should be taken into consideration for future research.

5.8 Ethical and Sustainability aspects

Precise measurement and estimation of wheel speed is essential to enable brake
system applications, such as anti-lock braking, traction control, stability control and
almost all control functions dealing with tire vehicle dynamics. Fast and accurate
wheel speed estimation is enabler for optimizing the performance of such control
algorithms in real time applications. Good performance of vehicle dynamics control
functions can help reduce accidents, reduce injuries, loss of life and property.

The trend of using embedded systems at wheel is in tie with smart tire and au-
tonomous driving functionality. Nevertheless, it can impact the vehicle dynamics
control function in all types of vehicles. The advantage lies in improving the ef-
ficiency of control algorithms, implementing more advanced controllers and conse-
quently elevating safety levels.

Last but not least, the proposed technology is highly beneficial for autonomous
driving which plays a crucial role in promoting sustainability.
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Appendix 1

A.1 Verification results

A.1.1 Verification of tangential acceleration

A.1.1.1 Using Modelon Impact
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Figure A.1: Verification of rim IMU tangential acceleration using Modelon Impact
in double lane change maneuver at 157
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Figure A.2: Verification of rim IMU tangential acceleration using Modelon Impact
in steer ramp maneuver

A.1.1.2 Using TruckMaker
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Figure A.3: Verification of rim IMU tangential acceleration using TruckMaker in
creep maneuver at 0.3

IT



A. Appendix 1

15
ap
o ——RHS [
&
_ 5 i
g
S
-2
T ok |
=
el
2
S 51 n
<
10 - i
15 1 1 1 1 1 1 1 1
0 10 20 30 40 50 60 70 80 90
time, t[s]
3
oL i
50 7
=~
=~
S5 - —
Y i
3 1 1 1 1 1 1 1 1
0 10 20 30 40 50 60 70 80 90
time, t[s]

Figure A.4: Verification of rim IMU tangential acceleration using TruckMaker in
Figure8 with banked road maneuver

]

m
)

Acceleration, |

time, t[s]

1 1 1 1 1 1 1 1 1
0 10 20 30 40 50 60 70 80 90 100
time, t[s]

Figure A.5: Verification of rim IMU tangential acceleration using TruckMaker in
straight-up-down-straight maneuver
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Figure A.6: Verification of rim IMU tangential acceleration using TruckMaker in
straight maneuver

A.1.2 Verification of radial acceleration

A.1.2.1 Using Modelon Impact
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Figure A.7: Verification of rim IMU radial acceleration using Modelon Impact in
double lane change maneuver at 157
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Figure A.8: Verification of rim IMU radial acceleration using Modelon Impact in
steer ramp maneuver

A.1.2.2 Using TruckMaker
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Appendix 2

B.1 State estimation results

B.1.1 Estimation of angular speed
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Figure B.1: Angular speed estimation versus true in Figure8 banked road maneu-
ver
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B.1.2 Estimation of angular displacement
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Angular displacement estimation versus true in creep maneuver
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Figure B.11: Angular displacement estimation versus true in straight maneuver
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Figure B.12: Angular displacement estimation versus true in straight-up-down-
straight maneuver
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B.1.3 Estimation of angular acceleration
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Figure B.13: Angular acceleration estimation versus true
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Figure B.14: Angular acceleration estimation versus true in creep maneuver
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Figure B.15: Angular acceleration estimation versus true in straight maneuver
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Figure B.16: Angular acceleration estimation versus true in straight-up-down-
straight maneuver
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