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Electric Propulsion Active Drivetrain Oscillation Damper

OSCAR KLANG
FABIAN LIER
Department of Electrical Engineering
Chalmers University of Technology

Abstract
With the introduction of electric cars, the drivetrain setup has greatly changed
compared to cars with combustion engines. Due to the changed setup, external
forces are more likely to trigger oscillations in the drivetrain. However, due to
the fast and accurate control that the electric machine (EM) provides it should be
possible to, by means of control, limit these mechanical oscillations.

In this work the possibility to damp potentially harmful mechanical oscillations in an
electric vehicle drivetrain, by measuring only the EM speed, has been investigated.
A plant model was built from known vehicle dynamics and several methods for
observing and actively controlling the mechanical drivetrain oscillations have been
reviewed and evaluated through simulations.

It has been shown that it is possible to actively damp oscillations in the drivetrain
by using a recursive least squares (RLS) algorithm in combination with two different
controllers and auxiliary activation logic and by measuring only the EM speed. The
robustness and performance of the developed concepts have been evaluated and the
results indicate that the concepts are able to damp oscillations caused by external
torque transients, also for a system with varying properties. Furthermore, the results
suggest that the concepts do so without otherwise negatively affecting the vehicle’s
performance.

For the investigated scenarios the developed proportional gain controller (P con-
troller) achieved an average peak amplitude reduction of 63.7% in the drive shaft
torsion and 76.5% in the EM speed oscillations, compared to the uncontrolled case.
The developed Linear-quadratic-Gaussian (LQG) controller was able to reduce the
peak amplitudes by 79.2% in the oscillations of the drive shaft torsion and 60.9%
for the EM speed.

Index Terms: active torque control, drive shaft resonance, electric propulsion,
mechanical drivetrain, oscillation damping, recursive least squares.
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Abbreviations

ABS Anti-lock braking system
AL Activation logic
BPF Band-pass filter
CAN Controller area network
DFT Discrete Fourier transform
EM Electric machine
xEV Electric vehicle
FFT Fast Fourier transform
HPF High-pass filter
ICE Internal combustion engine
LQE Linear-quadratic estimator
LQG Linear-quadratic-Gaussian
LQR Linear-quadratic regulator
PI Proportional integral
PLL Phase-locked loop
RLS Recursive least squares
SOGI Second-order generalized integrator
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Symbols

x Some arbitrary function or variable with unit [xunit]
ẋ First order derivative of x [xunit/s]
ẍ Second order derivative of x [xunit/s2]
x̃ Estimation of x [xunit]

αAL RLS bandwidth used in the activation logic [rad]
∆ωmax Upper limit for frequency change of the RLS algorithm [rad/s]
∆ωmin Lower limit for frequency change of the RLS algorithm [rad/s]
λss Steady state forgetting factor of the RLS algorithm [-]
λtr Transient forgetting factor of the RLS algorithm [-]
φEM Angular displacement of the EM shaft [rad]
φs Angular displacement at the differential side of the drive shaft [rad]
φl Angular displacement at the load side of the drive shaft [rad]
ω Frequency [rad/s]
ω0 Center frequency used in the BPF [rad/s]
ωc Center frequency used in the PLL [rad/s]
ωc,L Lower cutoff frequency of the BPF [rad/s]
ωc,U Upper cutoff frequency of the BPF [rad/s]
ωosc Oscillation frequency [rad/s]
ωosc0 Initial assumption of the oscillation frequency [rad/s]
Ath Activation threshold for the controller [rad/s]
cs Damping coefficient of the drivetrain [Nms/rad]
Dth Deactivation threshold for the controller [rad/s]
dlim Error limit for lowering the forgetting factor of the RLS algorithm [-]
f Frequency [Hz]
f0 Estimation frequency of the DFT [Hz]
fs Sampling frequency of the DFT [Hz]
id Differential ratio [-]
Je EM and differential lumped inertia [kgm2]
Jl Total load inertia [kgm2]
Jw Single wheel inertia [kgm2]
kω Frequency estimator gain constant of the RLS algorithm [-]
ki PLL integral gain constant [-]
kK Kalman filter gain vector [-]
kLQR LQR gain vector [-]
kp Proportional control gain constant [Nms/rad]
kpll PLL proportional gain constant [-]
ks Spring constant of the drivetrain [Nm/rad]
kSOGI SOGI gain constant [-]
ml Load mass [kg]
N Numbers of samples used by the DFT [-]
rw Wheel radius [m]
s Complex frequency variable [s−1]
Tc Control torque [Nm]
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Symbols

Td Torque requested by the driver [Nm]
TEM Torque delivered to the drivetrain by the EM [Nm]
Tl External torque acting on the wheels [Nm]
Tnet Net torque in the shaft at the primary side of the differential [Nm]
Tref Reference torque from the existing feedforward anti-jerk controller [Nm]
Treq Total torque request to the EM [Nm]
Ts Shaft torque at the secondary side of the differential [Nm]
Ts,i Shaft torque at the primary side of the differential [Nm]
t Time [s]
tAL Time constant used in the activation logic [s]
td Time delay of the EM actuation [s]
ts Sampling time used in the RLS algorithm[s]
x1 Torsion in the drive shaft [rad]
x2 Angular velocity of the EM shaft [rad/s]
x3 Angular velocity at the load side of the drive shaft [rad/s]
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1
Introduction

Volvo Cars aim to reduce the environmental impact of their products and to improve
the quality of air in our cities by making all-electric cars 50 per cent of their global
sales by 2025, and the rest plug-in hybrids [1].

1.1 Problem background
With the introduction of electric vehicles (xEVs) the drivetrain setup has greatly
changed compared to the traditional internal combustion engine (ICE) setup. The
ICE drivetrain usually has a transmission with a clutch and multiple gear ratios to
better utilize the limited range of efficient operating points of an ICE. Additionally
it typically includes a mechanical oscillation damper installed in the drive shaft. The
xEV drivetrain, on the other hand, typically has one or more electric machines (EMs)
connected to the wheels through a single ratio transmission, without a mechanical
oscillation damper.

Because the EM is able to provide high torque and efficiency from zero speed, varying
the gear ratio might not be necessary, and instead a fixed ratio transmission can be
used. Furthermore this means that a launch element, like a friction clutch, is not
needed and hence it has usually been omitted in such drivetrain configurations [2].
The lack of a clutch and a mechanical oscillation damper in combination with the
wide range of operation of the EM, from standstill to full speed, can result in poorly
damped mechanical oscillations in the flexible shafts of the drivetrain. This will not
only limit the experienced ride comfort but it can also cause significant drivetrain
fatigue and wear [2].

Oscillations in the drivetrain can be triggered by external load changes due to vari-
ations in surface friction, road slope, bumps, braking, activation of the anti-lock
braking system (ABS) and so on. If the frequency of such loads is close to the eigen-
frequency of the drivetrain, resonance of the torque in the drivetrain can occur. If
the resonance continues without being damped this can lead to oscillations with
increasing amplitude resulting in discomfort, wear on the drivetrain and in extreme
cases cause stability and maneuvering issues and even breakage of the drive shafts.

Traditionally, a mechanical resonance damper has been installed in the drivetrain in
order to mitigate potentially harmful oscillations. Another option could be to damp
them by means of active torque control of the EM. By taking advantage of the EM’s
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1. Introduction

ability to react quickly and accurately, it should be possible to limit the oscillations
by adjusting the torque delivered by the EM. Apart from the main goal this could
also reduce cost, space, weight, design effort and potentially decreased performance,
that are all side effects of adding a physical damping component. However, designing
a successful torque controller is a non-trivial task that comes with challenges.

One challenge is that the only measurement available is the EM speed while the
controllable input to the system is torque. Another challenge is that even though
the EM reacts quickly and accurately, it does not do so instantaneously, and there
will be a delay from when a torque is requested by the controller to when it is realized
by the EM. A third challenge is that the measurement and control happen at the
EM side of the drivetrain, while the disturbance, constituted by the external load
torque, occurs at the wheel side of the drivetrain. This introduces a phase shift, and
therefore the frequency and amplitude of the disturbance is unknown. A simplified
illustration of the drivetrain, its components and the locations of the mentioned EM
speed measurement, control torque input and disturbance can been seen in Fig. 1.1.

Fig. 1.1. Simplified illustration of the drivetrain including wheels, drive shafts,
differential and EM. The source of the disturbance and the location of the EM
speed measurement and controller is shown to support the understanding of the
described system.

1.2 Previous work
A lot of previous work has been done in order to enhance comfort and driveability by
reducing the longitudinal acceleration oscillations transmitted to passengers. This
phenomena, called jerk, is caused by the torsional dynamics of the drivetrain during
torque transients following tip-ins and tip-outs. In [3], dozens of papers regarding
the state-of-the-art (2020) of automotive anti-jerk controllers are reviewed. Most, if
not all, of the previous studies performed on oscillations in automotive drivetrains
appear to have in common that they focus only on the effects of backlash and the
longitudinal vehicle acceleration that follow abrupt changes in the powertrain torque
delivery.

2



1. Introduction

To the best of the authors’ knowledge, there has not yet been done any studies on
how to reduce the oscillations caused by the external load torque transients that a
vehicle is subject to, by measuring only the EM speed, establishing the niche.

1.3 Purpose
The purpose of this project is to investigate the possibility to, by means of ac-
tive control, damp potentially harmful mechanical oscillations in an xEV drivetrain,
caused by external load torque transients, by measuring only the EM speed. For a
concept to be considered successful in doing so, it should be able to attenuate oscil-
lations that exceed a specified amplitude within a known range of eigenfrequencies
for the drivetrain. And yet it should not unnecessarily affect the tractive torque to
drive the vehicle, nor should it create an unpleasant feeling to the passenger. The
ultimate aim of the controller is to reduce mechanical stress in the drivetrain, and
for this reason it is the oscillations in the shaft torsion, rather than that of the EM
speed, that should primarily be damped.

1.4 System, requirements and limitations
This section introduces the system under investigation and the basic assumptions,
characteristics, requirements and limitations that are made throughout the project.
The complete system is presented first and the individual blocks and functions are
described and investigated in following chapters. Fig. 1.2 shows a schematic overview
of the system as a block diagram to illustrate how the plant, controller and signals
are interconnected.

Fig. 1.2. Schematic overview of the investigated system including a signal estima-
tion based feedback controller.

The initial input signal, Td, is the torque requested by the driver, which is generated
from the driver’s input to the accelerator pedal, or alternatively by the cruise control.

3



1. Introduction

The investigated vehicle, like many other xEVs, is equipped with a feedforward
anti-jerk controller to mitigate shuffle phenomena, and oscillations caused by tip-ins
and tip-outs are therefore not considered in this work. The effect of backlash and
powertrain housing oscillations also lay outside the scope of this project.

The oscillations considered in this work are the ones caused by the external loads
acting on the drivetrain. The input to the system can consequently be seen as a
reference torque, Tref , that will not cause oscillations in the eigenfrequency of the
drivetrain. Tref is assumed to be actuated and delivered to the drivetrain through
the EM, although with some time delay. As this torque, TEM , acts on the drivetrain,
so does a disturbance caused by the external load torque, Tl, at the other end of the
drivetrain. This disturbance is oscillatory in nature and results in the net torque
exciting the system.

The net torque generates an angular acceleration of the EM shaft according to
Newton’s Second law. The corresponding angular velocity, φ̇EM , is measured by a
sensor located at the EM shaft and fed to the feedback oscillation controller. The
controller to be developed in this project should incorporate a signal estimation
method for extracting the oscillating component of the EM speed signal. Based on
the presence of oscillations the controller should generate a damping torque, Tc, in
order to mitigate oscillations in the drivetrain caused by the external load. This
compensating torque should then be added to the reference torque, Tref , leading to
the total torque request to the EM as Treq = Tref + Tc.

As mentioned, the oscillations of concern are the ones at frequencies close to the
eigenfrequency of the drivetrain as they, if left uncompensated for, could amplify
and potentially damage the drivetrain. Because the parameters affecting the eigen-
frequency vary with time, e.g. bushings on the bearings can soften or harden with
temperature, the frequency of concern is not a constant value but rather an interval.
Volvo Cars have reported that their data indicate that the natural frequency is in
the range of 8−12 Hz for the vehicle investigated in this thesis. This is translated
to requirements regarding robustness to parameter changes as follows.

The concept should be able to attenuate oscillations occurring between 8−12 Hz for
a drivetrain with parameters representing the same natural frequency. Simultane-
ously, it should be able to handle oscillations in the specified range for any given
eigenfrequency without becoming unstable. It should also be robust to varying load
inertia as this changes with possible passengers, cargo and trailers. Furthermore
the controller should interfere minimally under normal circumstances, i.e. in the
absence of oscillations within the eigenfrequency, as it might otherwise reduce the
performance and associated driveability of the vehicle.

Some limitations concern the available measurements. Because adding sensors is
expensive, and as the traffic on the controller area network (CAN) bus should be
limited, the only measurement to be used is the angular velocity of the EM. The
resolution of the sampled signal available for control action is 1 kHz.
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1. Introduction

Simplifications are made in order to easily model and simulate the investigated
system. The drivetrain model is simplified by assuming: no wheel slip; massless
shafts; lumped inertias, stiffnesses and dampings; only one EM, one wheel pair
and half the vehicle inertia (this is done as there is one EM on each axis of the
investigated vehicle). The time delay from when a torque is requested to when it
is actuated by the EM is assumed to be constant at 3 ms. Furthermore the ratio
between the torque requested and delivered is assumed to be 1:1.

1.5 Structure of the thesis
The thesis is structured into 6 chapters with corresponding sections and subsections.
Chapter 1 gives a problem background, states what has previously been done and
introduces the purpose and the system under investigation and some requirements
and limitations that are made. Chapter 2 introduces the model used to represent the
mechanical drivetrain that is used in the later chapters of the report for simulating
the system and verifying the controllers. The drivetrain model is also used for
model based control design. Chapter 3 gives the theory behind four different signal
estimation techniques, and a comparison of the techniques is made for a set of test
cases to find a method suitable for extracting the oscillatory component of a signal
within a specified frequency-range. In chapter 4, different controllers are introduced
and the complete system, including EM, mechanical drivetrain model, chosen signal
estimation technique and different control strategies is assembled, and the controllers
are compared and analysed through simulations. Chapter 5 discusses the findings
and sustainability and ethical aspects and finally chapter 6 concludes the work and
results and gives recommendations for future work.
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2
Mechanical drivetrain model

The wheels of a car is connected to its EM through multiple components which make
up the drivetrain. To allow for analysis of the relationship between the torque and
speed of the wheels and EM, it is necessary to have a plant model that captures its
main characteristics. Several models representing a drivetrain exist in the literature,
see [4] for multiple examples, and the model complexity depends on the intended
application. While higher order models could potentially achieve a higher accuracy,
they are more computationally expensive to implement in controller design than a
model of lower order. For this reason model based controllers often use reduced two
mass models [5].

In this work a two mass system is considered to be sufficient for modelling the
plant for simulations, as well as for controller implementation. In such a model,
two masses or equivalent inertias, representing the EM and the load, are connected
through a spring and a damper, representing the system’s flexible components. In
[6] it has been shown that a linear third order model achieves a close fit, in terms of
capturing the main characteristics of the drivetrain, when analysing low frequency
longitudinal oscillations. Such a model is visualized in Fig. 2.1.

Fig. 2.1. Simple drivetrain model containing two lumped inertias, Je and Jl, con-
nected through a differential, with ratio id, by a spring and damper. The spring has
stiffness ks and the damping is cs.
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2. Mechanical drivetrain model

2.1 Mechanics and dynamics
In Fig. 2.1, Je is a lumped inertia, representing the EM and the differential, subject
to Newton’s Second law according to

Je φ̈EM = TEM − Ts,i (2.1)

where φ̈EM is the angular acceleration of the EM, TEM is the torque delivered by
the EM and Ts,i is the shaft torque at the primary (i.e. EM) side of the differential.
TEM − Ts,i in (2.1) is referred to as the net torque, Tnet. The differential has some
fixed ratio, id, which is used for translating the angular velocity and torque. The
relationship between the angular velocity of the primary and secondary side of the
differential can hence be described by

φ̇s = φ̇EM
id

(2.2)

where φ̇EM is the angular velocity of the shaft at the primary side, and φ̇s is the
angular velocity of the shaft at the secondary side. By assuming an ideal differential,
the torque is simultaneously converted as

Ts = Ts,i id (2.3)

where Ts is the shaft torque at the secondary side of the differential. To capture
the system’s damped torsional flexibility, including the damping and flexibility of all
the components between the EM and the wheel’s point of contact with the ground,
the shaft from the differential to the wheel is modelled as a spring and damper
in parallel. The spring has a spring constant, ks, and the damper has a damping
coefficient, cs. By combining the two, the angular displacements and velocities can
be associated to the torque in the drive shaft according to

Ts = ks(φs − φl) + cs(φ̇s − φ̇l) (2.4)

where φs is the angular displacement at the differential side of the shaft, while φl
and φ̇l are the angular displacement and velocity respectively, at the load side of
the shaft, i.e. at the wheel. By assuming that the wheel is rolling without slip, the
relationship between the angular velocity of the load (or alternatively the wheel)
and the velocity of the vehicle, vv, can be expressed as

vv = rw φ̇l (2.5)

where rw is the wheel radius. The inertia of the wheels can then be lumped with
the vehicle’s mass equivalent inertia as

Jl = 4 Jw +ml r
2
w (2.6)

where Jl is the total load inertia, Jw is the wheel inertia and ml is the mass of
the load (vehicle, driver, passengers, cargo, trailer etc.). Concluding the model,
Newton’s Second law for the load gives

8



2. Mechanical drivetrain model

Jl φ̈l = Ts − Tl (2.7)
where φ̈l is the angular acceleration of the load and Tl is the load torque, constituted
by the rolling resistance, air drag and road slope resistance.

2.2 State-space model
It is impractical and expensive, in terms of logistics, time and cost, to carry out
tests on a real vehicle, and a plant model that allows for simulating the vehicle is
usually preferable. This also enables taking a model-based development approach for
controller design. With a model, it is possible to quickly simulate and test different
cases and control strategies without having to implement them in a real car.

A state-space representation is a mathematical model of a physical system and is
commonly used in control engineering as it provides a compact and convenient way
to simulate and analyze how certain selected state variables in systems with multiple
inputs and outputs change over time.

The state space model can be represented as

ẋ = Ax+Bu
y = Cx

(2.8)

where x is the state vector, y is the output vector and u is the input (or control)
vector to the model. A is called the state matrix, B is the input matrix and C is
the output matrix.

By choosing the states to be the torsion in the drive shaft (x1), the angular velocity
of the EM (x2) and the angular velocity of the load (x3), the state variables are
defined as

x1 = φs − φl
x2 = φ̇EM
x3 = φ̇l

(2.9)

Manipulating (2.1) - (2.7) then yield

ẋ1 = x2
id
− x3

ẋ2 = − ks
Je id

x1 − cs
Je i2d

x2 + cs
Je id

x3 + TEM
Je

ẋ3 = ks
Jl
x1 + cs

Jl id
x2 − cs

Jl
x3 − Tl

Jl

(2.10)

where ẋ1 is the change in torsion of the shaft with respect to time, ẋ2 is the angular
acceleration of the EM and ẋ3 is the angular acceleration of the load.

Considering the EM torque, TEM , to be a controllable input u1, and the load torque,
Tl, as an uncontrollable input u2, and by introducing B = [B1 B2] and u = [u1 u2]>,
the state-space model representing the drivetrain can be formulated according to
(2.11).
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2. Mechanical drivetrain model

ẋ1
ẋ2
ẋ3

 =


0 1

id
−1

− ks
Je id

− cs
Je i2d

cs
Je id

ks
Jl

cs
Jl id

− cs
Jl


︸ ︷︷ ︸

A

x1
x2
x3

+

 0
1
Je

0


︸ ︷︷ ︸
B1

TEM +

 0
0
− 1
Jl


︸ ︷︷ ︸
B2

Tl (2.11)

2.3 Nominal plant model setup
The parameters in (2.11) are chosen to represent a generic xEV with eigenfrequency
10 Hz. The values used in the nominal plant model of the drivetrain are presented
in Table 2.1.

Table 2.1: Parameters used in the nominal plant model of the drivetrain.

Parameter Description Value Unit
cs Damping coefficient 100 [Nms/rad]
id Differential ratio 8.6 [-]
Je Lumped EM and differential inertia 0.055 [kg m2]
Jl Total load inertia 160 [kg m2]
ks Spring constant 15000 [Nm/rad]

As the car in this project is an all wheel drive with an EM at each axis, only half
the vehicle is considered. The value of Jl presented in Table 2.1 is equivalent to a
vehicle weighing 2250 kg plus a driver weighing approximately 90 kg (ml ≈ 2340 kg),
and with a wheel radius rw = 365 mm and wheel inertia Jw = 2 kg m2 according to
(2.6).

2.4 Analysis
The modelled system is analyzed in the time and frequency domain in order to
investigate how input torque from the EM and from the wheel side of the drivetrain
influence the drive shaft torsion and EM speed. MATLAB and Simulink are used
for simulating.

First the transfer functions of the state space model in (2.11) are analyzed by study-
ing their bode diagrams, see Fig. 2.2 - 2.3. Then measurements from a test vehicle
are reviewed in Fig. 2.4 - 2.5, and finally the open loop behaviour of the plant model
is analysed through simulations, see Fig.2.6.

As can be seen in Fig. 2.2 the bode diagrams from EM and load torque to shaft
torsion reveal that the torsion in the drive shaft has a magnitude peak at around
10 Hz for a torque applied at either ends of the drivetrain. The system is designed
to have an eigenfrequency at 10 Hz, hence this is expected. The phase is the same
regardless of the torque origin.

10



2. Mechanical drivetrain model
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Fig. 2.2. Bode diagram from EM and load torque to shaft torsion showing the
resonance peak at 10 Hz.

From Fig. 2.2 it is also observed that the magnitude of the torsion is higher from
torque applied at the EM than for torque applied at the load. The reason for this
is that the torque applied at the wheels is subject to a much larger inertia than the
EM torque (see Table 2.1). Also the EM torque is amplified through the differential
resulting in greater impact on the torsion.

The parameters that have a significant impact in determining where the resonance
frequency, fr, is located are: the spring constant ks, the equivalent EM and dif-
ferential inertia Je and the differential ratio id. The resonance frequency can be
approximated according to

fr ≈
1

2π

√
ks
Je i2d

(2.12)

For the investigated system id is a known constant and Je is considered to be a
constant with some neglectable deviation, mainly owing to manufacturing toler-
ances. Variations in the eigenfrequency of the drivetrain is thus assumed to mainly
stem from alteration in the shaft stiffness ks. The model assumes an equivalent or
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2. Mechanical drivetrain model

lumped value for the stiffness, representing all the flexible components in the drive-
train. However this assumption is a simplification as the real system’s stiffness can
vary with temperature in the flexible components, tire-pressure, friction and other
nonlinearities that the model does not detain.

As the only measurement available for control feedback is the EM speed it is of
interest to see how it is affected by the inputs to the system. Fig. 2.3 shows the
bode diagram from TEM and Tl to EM speed, φ̇EM .
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Fig. 2.3. Bode diagram from EM and load torque to EM speed showing the
resonance peak at 10 Hz.

As can be seen in Fig. 2.3 the magnitude peaks around 10 Hz are present also in
the angular velocity of the EM, indicating that the resonance phenomena can be
observed through measurements from the EM speed. Torques originating from either
side of the drivetrain with frequencies coinciding with the natural frequency of the
drivetrain are amplified to the EM speed. However, the resonance peak from the load
torque is not as distinguishable in the EM speed as it is in the shaft torsion. This
gives an indication that a controller with access to a wheel speed measurement as
well as that of the EM could perform better, as the torsion could then be determined
in each time step.
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2. Mechanical drivetrain model

The frequencies at the EM speed that correspond to resonance in the drivetrain are
verified by studying real measurements of the EM speed in a test vehicle equipped
with torque sensors at the drive shafts. The resonance has been confirmed by the
oscillating torque in the shafts and the correlated EM speed is presented in Fig. 2.4.
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Fig. 2.4. EM speed measurement from a test vehicle equipped with torque sensors
on the drive shafts. Resonance in the drive shaft torque has been confirmed in the
test.

In the measured signal seen in Fig. 2.4 the EM speed is rapidly increased from
t ≈ 0.5 s and at t ≈ 2.5 s the angular velocity of EM starts to fluctuate and ends in
oscillations with amplitudes up to 1000 rpm. In order to investigate the frequencies
of the oscillations the equivalent power spectrum seen in Fig. 2.5 is studied.
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Fig. 2.5. Power spectrum of the measured EM speed in Fig. 2.4 for frequencies
between 5 and 15 Hz. The power is normalized according to Pnorm(f) = P (f)

Pmax(f) ,
where f is the frequency and Pmax(f) is the maximum value of P (f).

The power spectrum seen in Fig. 2.5 reflects the amplitude of the EM speed oscil-
lations present at different frequencies. It is evident that the critical frequencies for
the test vehicle does in fact lay in the range of 8−12 Hz.
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2. Mechanical drivetrain model

In order to visualize and verify that the drivetrain model in (2.11) can be represen-
tative for the real system in terms of amplified shaft torsion in the eigenfrequency
it is implemented and studied using Simulink. Many cases and scenarios are tested
and analyzed. In Fig. 2.6 the open loop response of the plant model for a specific
case, that is considered to seize the main characteristics, is presented.
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Fig. 2.6. Simulation of the drivetrain visualizing how sinusoidal load torques of
three different frequencies (5, 10 and 15 Hz) are passed through the model to the
drive shaft torsion (x1) and EM speed (x2).

As seen in Fig. 2.6 the EM torque is ramped up and kept at a constant 300 N m for
the first second, while the load torque is kept at 0 N m. The torsion in the drive shaft
(x1) roughly follows the shape of TEM while the EM speed (x2) increases until TEM
is abruptly decreased to 0 at t = 1 s. When studying the shaft torsion and EM speed
for the first 1.5 seconds, the shuffle phenomena widely covered in the literature, see
e.g. [7], can be observed when the torque applied by the EM is changed rapidly,
causing oscillations in both states. As mentioned in chapter 1.4, this is taken care of
by the existing feedforward anti-jerk controller in a real case, and is not considered
in this work. Note that there is no such controller included in the plant model that
is used for the simulations in this work, and hence the shuffle can be seen in Fig. 2.6.
However, they would not be there in a test carried out in a real car.
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2. Mechanical drivetrain model

After t = 1 s the EM torque is kept at 0 while a sinusoidal load torque of varying
frequencies is applied in intervals of 1 s in order to examine the transfer to the shaft
torsion and EM speed. The amplitude of Tl is constant at 50 000 N m for the three
intervals while the frequency f(t) is varied as f(t=1.5:2.5) = 5 Hz, f(t=3:4) = 10 Hz
and f(t=4.5:5.5) = 15 Hz. When studying the torsion in the drive shaft it can be
seen that the 5 Hz signal generates oscillations with a constant amplitude of 0.1 rad
while the torque of 10 Hz has its first peak at 0.1 rad before it amplifies resulting in
amplitudes of 0.2 rad. This indicates that the eigenfrequency is excited, i.e. reso-
nance has been triggered, leading to intensified torsion in the shaft of magnitudes
twice as high as for the 5 Hz case. For the 15 Hz signal, the amplitude is damped
compared to the 5 Hz signal, generating amplitudes of 0.05 rad.

The EM speed appears to be oscillating at similar amplitudes for the 5 and 10 Hz
signals but a buildup in the amplitude can somewhat be noticed in the 10 Hz case.
The 15 Hz oscillations are damped in relation, as was observed in the shaft torsion.
These results are all as expected and agrees with what is shown in the bode diagrams
in Fig. 2.2 - 2.3.

2.5 Summary
Known vehicle dynamics were used to represent a drivetrain as a two mass spring
damper system. The plant model was put into a state-space representation in order
to simulate and investigate the model. By analyzing the transfer functions from the
torque inputs to the shaft torsion and EM speed, and by visualizing the signals, it
has been verified that the model acts as expected and captures the resonance in the
drive shaft for load torques applied at frequencies coinciding with the eigenfrequency
of the drivetrain. The oscillations at critical frequencies, regarding resonance in
the torsion of the shaft, can be observed through the EM speed. However, the
oscillations within the eigenfrequency are not as clearly amplified in the EM speed
as they are in the torsion, if comparing the 5 and 10 Hz cases. This motivates the
use of some filtering technique for further highlighting the critical frequencies in the
EM speed measurement.
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3
Signal estimation techniques

In chapter 2 it was stated that the critical frequencies in the EM speed measurement
signal should be highlighted in order to separate them from non-critical frequencies.
In this chapter four different methods for distinguishing the oscillatory component
within a certain frequency range of a signal are investigated and compared in order
to find a technique suited for an active drivetrain oscillation damping controller.

The only measurement to be used for feedback control is the angular velocity of the
EM. In order to detect resonance in the drive shaft, the frequency components close
to the eigenfrequency of the drivetrain should be extracted from the measurement
signal. By doing so, a signal potentially suitable for control action is retrieved. By
monitoring the frequency and amplitude of the extracted signal, a window function
can be used for activating and deactivating a controller. The controller should be
turned on if the frequency and amplitude of the signal lay within the frame of the
defined window, and otherwise turned off.

In order to prevent damage to the drivetrain it is important that the controller is
activated quickly if resonance in the drive shaft is detected. At the same time, the
controller should interfere minimally in the absence of resonance, as it might oth-
erwise reduce performance and driveability. This means that the signal estimation
technique needs to be fast and accurate in tracking and distinguishing the critical
frequencies. Therefore, the signal estimation techniques described in this chapter
are tuned to amplify frequencies in the range of 8−12 Hz while attenuating all other
frequencies.

A set of signals are used for calibrating and fine-tuning each filtering method by
considering settling time, frequency selectivity, phase and amplitude accuracy, and
overall performance and stability. The parameter values that are ultimately chosen
for each method are presented in the respective setup sections.

3.1 Band-pass filter

A common filtering technique used in a wide variety of applications is the band-pass
filter (BPF). As the name implies it is used to only pass, or extract, frequencies
within a certain frequency band, while attenuating frequencies outside the band
range. In [8] a second order BPF in Laplace notation is described as
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ω0
Q
s

s2 + ω0
Q
s+ ω2

0
(3.1)

where

Q =
√
ωc,U ωc,L

ωc,U − ωc,L
(3.2)

and ω0 is the frequency proportionate to a filter gain of 1. The Laplace symbol s
(= jω) is the complex frequency variable. ωc,U is the upper cutoff frequency while
ωc,L is the lower equivalent, as can be seen in Fig. 3.1.
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Fig. 3.1. Bode diagram showing the magnitude gain and phase shift of the BPF.

3.1.1 Setup
The BPF is implemented in Simulink according to (3.1) - (3.2) and with the param-
eters presented in Table 3.1.
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Table 3.1: Parameters used in the band-pass filter for signal estimation.

Parameter Description Value Unit
ω0 Center frequency 2π10 [rad/s]
ωc,L Lower cutoff frequency 2π8 [rad/s]
ωc,U Upper cutoff frequency 2π12 [rad/s]

3.2 Phase-locked loop
A phase-locked loop (PLL) is a feedback control system that generates an oscillating
output signal whose phase is maintained close or locked to that of an input reference
signal [9]. There are many successful applications of PLLs such as line synchroni-
sation, colour sub-carrier recovery in TV receivers, FM and PM demodulators in
radio receivers, frequency synthesisers in transceivers and signal generators, power
grid synchronisation and many more. In [10] typical techniques for monitoring and
synchronization using PLL systems were compared and analyzed in terms of ac-
curacy and dynamic response. The benchmarking revealed that the second-order
generalized integrator (SOGI) PLL system is a promising solution for monitoring
and synchronization in single-phase applications. A block diagram of the SOGI-PLL
proposed in [11] can be seen in Fig. 3.2.

Fig. 3.2. Block diagram including the fundamental building blocks and operations
of a SOGI based PLL.

The system input is the reference signal vin with amplitude V , frequency ω and
angle θ = ωt + φ, where t is the time and φ is the phase. The system outputs are
the estimated amplitude Ṽ and angle θ̃. The implementation of the SOGI block can
be seen in Fig. 3.3 and the corresponding characteristic transfer functions are

Gα(s) = vα(s)
vin(s) = kSOGI ω̃s

s2 + kSOGI ω̃s+ ω̃2 (3.3)

Gβ(s) = vβ(s)
vin(s) = kSOGI ω̃

2

s2 + kSOGI ω̃s+ ω̃2 (3.4)

where vα and vβ are a pair of 90° shifted output signals and kSOGI is a constant term
referred to as the damping factor, which can be used for regulating the bandwidth
and dynamic response of the estimated output signals. ω̃ is the estimated frequency.
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Fig. 3.3. Block diagram of the SOGI used for phase detection in the PLL seen in
Fig. 3.2.

Following the SOGI block is the Park transformation (αβ → dq) which gives the
estimated input signal amplitude vd, and the phase error signal vq as

vd = cos(θ̃)vα + sin(θ̃)vβ,
vq = −sin(θ̃)vα + cos(θ̃)vβ

(3.5)

In order to attenuate high-frequency noise and achieve a fast transient response vq
is passed through a proportional-integral (PI) controller with transfer function

FPI(s) = kplls+ ki
s

(3.6)

where kpll is the proportional gain and ki is the integral gain. The center frequency
ωc is then added to the control output signal ∆ω in order to reduce control effort
and accelerate the lock-in process. The resulting frequency estimate, ω̃, is finally
integrated to generate the estimated angle θ̃. For a detailed mathematical analysis
of the SOGI-PLL, see [12].

3.2.1 Setup
A SOGI-PLL is modeled in Simulink to allow for performance analysis of signal
tracking in regards to speed and accuracy. To retrieve the oscillatory component
(in the region of ωc) of the signal without any offset, the PLL method for signal
estimation incorporates a pre-filter for the input signal. A desirable behaviour is
achieved when using a high-pass filter (HPF) with a cutoff frequency at 20% of the
center frequency according to

Hhp(s) = 0.2ωcs
0.2ωcs+ (0.2ωc)2 (3.7)

By analysing the relationship of the settling time and overshoot of (3.3) - (3.4) an
optimal value for the damping factor kSOGI in the SOGI-block is found as in (3.8).
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kSOGI = 1√
2

(3.8)

Similarly the PI-control gains in (3.6) are chosen with speed and accuracy in mind.
The complete list of parameters used for the analysis of the SOGI-PLL are presented
in Table 3.2.

Table 3.2: Parameters used in the SOGI-PLL system for signal estimation.

Parameter Description Value Unit
ωc Center frequency 2π10 [rad/s]

kSOGI SOGI damping factor 1√
2 [-]

ki Integral gain 0.2ωc [-]
kpll Proportional gain 0.2ωc [-]

3.3 Discrete Fourier transform
The Discrete Fourier transform (DFT) is widely used in signal processing appli-
cations. It transforms a signal from time domain to frequency domain making it
possible to decompose signals into several sine waves. In [13] the DFT is defined as

F [k] =
N−1∑
n=0

x[n]e− i2πknN , k ∈ [0, N − 1] (3.9)

where x is the sampled signal in the time domain with length N , and where F is
the Fourier transform of x. F results in a vector, also with length N , with complex
numbers that can be used to calculate the phase and magnitude of the signal at
different frequencies. With these, it is possible to recreate the signal with only
selected frequencies.

The phase Φ for the desired frequency, can be calculated as

Φ = tan−1(Im(F [k]),Re(F [k])) (3.10)

The amplitude Aosc can be computed according to

Aosc = 1
N

√
Re(F [k])2 + Im(F [k])2 (3.11)

The oscillation part of the signal Posc can then be recreated as

Posc = Aosc cos(f02πt+ Φ) (3.12)

where f0 is the known frequency of the signal to be estimated.

The relationship between the index k in F and a signal with frequency f0 sampled
at the rate fs can be described by (3.13).
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k = f0N

fs
(3.13)

The frequency resolution ∆f of the DFT can be calculated with

∆f = fs
N

(3.14)

and to get a good result of the DFT, it is beneficial if f0 is evenly divisible by ∆f .

3.3.1 Setup
The Fast Fourier transform (FFT) is a fast and efficient algorithm for calculating
the DFT, and is easily done in MATLAB with the fft command.

In each time step the FFT can be calculated using the last N samples of the signal.
The signal can then be reconstructed using (3.10) - (3.12). The parameters used are
presented in Table 3.3.

Table 3.3: Parameters used in the DFT signal estimation.

Parameter Description Value Unit
f0 Frequency to estimate 10 [Hz]
fs Sampling rate 1000 [Hz]
N Number of samples 200 [-]

3.4 Recursive least squares filter
The Recursive Least Squares (RLS) method is an adaptive filter algorithm used
to estimate signals based on a given model of the investigated system. It does so
by recursively selecting the filter coefficients that minimizes a linear least squares
cost function related to the input signal. In [14] a novel method for increasing
the dynamic performance of an RLS algorithm for fast estimation of low-frequency
oscillations in power systems is proposed. Here the input power signal p(t) is modeled
as the sum of an average and an oscillatory term Pavg(t) and Posc(t) respectively
according to

p(t) = Pavg(t) + Posc(t) (3.15)

where the oscillatory component Posc(t) can be expressed in terms of its amplitude
Aosc(t), oscillation frequency ωosc and phase φ(t) as

Posc(t) = Aosc(t)cos(ωosct+ φ(t)) (3.16)

giving

p(t) = Pavg(t) + Aosc(t)cos(θosc(t) + φ(t)) (3.17)
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where θosc(t) = ωosct is the oscillation angle. Now consider a discrete generic input
signal y(k) as the sum of its estimate ỹ(k) and estimation error d(k) as

y(k) = ỹ(k) + d(k) = Φ(k)h̃(k − 1) + d(k) (3.18)

where Φ(k) is the model dependent observation matrix, and can be expressed as

Φ(k) =

 1
cos(θosc(k))
−sin(θosc(k))

 (3.19)

for low-frequency oscillations. The estimated state vector h̃(k) is updated recursively
in the RLS algorithm according to

h̃(k) = h̃(k − 1) +G(k)[y(k)− Φ(k)h̃(k − 1)] (3.20)

where G(k) is the gain matrix given by

G(k) = R(k − 1)Φ>(k)
λ+ Φ(k)R(k − 1)Φ>(k) (3.21)

Here R(k) is the covariance matrix which is updated recursively as

R(k) = [I −G(k)Φ(k)]R(k − 1)
λ

, 0 < λ ≤ 1 (3.22)

where λ is the forgetting factor and I is the identity matrix.

The signal p(t) according to (3.17) can be expressed as

p(t) = Pavg(t) + Pdcos(θ(t))− Pqsin(θ(t)) (3.23)

where

Pd = Aosc(t)cos(φ),
Pq = Aosc(t)sin(φ)

(3.24)

The signal estimates are obtained from the estimated state vector h̃(k) as

h̃(k) =

 P̃avg(k)
P̃d(k)
P̃q(k)

 (3.25)

and the estimated oscillatory component P̃osc is calculated according to

P̃osc = Ãosccos(θosc(k) + φ̃(k)) (3.26)

where the estimated amplitude Ãosc of the oscillation component is obtained by

Ãosc =
√(

P̃d(k)
)2

+
(
P̃q(k)

)2
(3.27)
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and the estimated phase φ̃(k) is found as

φ̃(k) = tan−1
(
P̃q(k)
P̃d(k)

)
(3.28)

3.4.1 Varying forgetting factor
As shown by (3.18) - (3.22) the algorithm is performed recursively, starting from
an initial invertible matrix R(0) (= I) and initial state vector h̃(0) (= [0 0 0]>) [15].
The cost function, ξ(k), that the RLS algorithm minimizes is

ξ(k) =
k∑

n=0
|d(n)|2λk−n (3.29)

In steady state, the estimation speed for the algorithm is found as

αRLS = 1− λ
ts

(3.30)

where αRLS is the bandwidth of the estimator and ts is the sampling time. As can be
observed from (3.30) the bandwidth of the RLS algorithm is directly dependent on
the forgetting factor λ. A large forgetting factor yields a low estimation speed and
high frequency selectivity whereas a lower value gives a higher estimation speed and
lower frequency selectivity. A desirable behaviour is to have a fast estimation speed
during rapid changes in the input signal, while still having a high frequency selec-
tivity. This is achieved by varying λ between two predefined values in a controlled
manner, according to Fig.3.4.

Fig. 3.4. Block diagram for varying the forgetting factor λ between its steady state
value, λss, and its transient value, λtr, by resetting a HPF if the error, d, exceeds a
predetermined limit, dlim.

If the algorithm detects a rapid change in the input signal (i.e. the absolute value
of the error d(k) exceeds some predefined limit dlim), λ is lowered from its steady
state value, λss, to its transient value, λtr. To guarantee the frequency selectivity of
the RLS algorithm λ is then increased back to its steady state value in the fashion
of the step response of a HPF, see Fig. 3.5.
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Fig. 3.5. Visualization of λ as the difference (d(k)) between the true signal y(t)
and the estimated signal ỹ(t) exceeds the predefined error limit dlim and thereby
triggers the HPF to reset at t = 0.5 s.

In the example shown in Fig. 3.5 the explained characteristics for λ can be seen when
d(k) > dlim at t = 0.5 s. In the example λss = 0.99 and λtr = 0.9. These values
and the design of the HPF should be carefully considered and tuned to achieve the
behaviour desired for the intended application. By implementing the estimator with
a variable forgetting factor the RLS algorithm is able to quickly separate the two
signal components accurately in the presence of disturbances [16].

3.4.2 Frequency adaptation

The performance of the RLS algorithm in steady state is dependent on the pa-
rameters in the observation matrix Φ which contains information about the signal
according to (3.18) and (3.19). Here θosc is integrated from the initially assumed
oscillation frequency ωosc0. If the frequency of the oscillating component changes the
model should be updated correspondingly [16]. This can be achieved by utilizing a
frequency adaptation mechanism according to Fig. 3.6.

Fig. 3.6. Block diagram of frequency estimator used with the RLS algorithm.
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In Fig. 3.6 the oscillation frequency is estimated according to

ω̃osc = ωosc0 + ∆ω̃ , ∆ωmin ≤ ∆ω̃ ≤ ∆ωmax (3.31)

where ω̃osc is the estimated oscillation frequency and ∆ω̃ is the limited frequency
change according to

∆ω̃ = kωφ̃ (3.32)

where kω is the gain of the frequency estimator. ∆ωmin and ∆ωmax are the upper
and lower limits for the changes in oscillation frequency to track. The phase estimate
φ̃ is given by (3.28).

3.4.3 Setup
An RLS algorithm with variable forgetting factor and a frequency adaptation method
is assembled as in Fig. 3.7.

Fig. 3.7. Block diagram of λ-tuner and frequency estimator used with the RLS
algorithm for separating a signal p into an estimated average term, P̃avg, and an
estimated oscillating term, P̃osc.

By implementing the RLS algorithm in Simulink it can be analysed and compared to
the other methods. The values chosen for the parameters determining the behaviour
of the RLS algorithm are presented in Table 3.4.
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Table 3.4: Parameters used in the RLS algorithm for signal estimation.

Parameter Description Value Unit
∆ωmax Upper limit for frequency change 2π2 [rad/s]
∆ωmin Lower limit for frequency change −2π2 [rad/s]
λss Steady state forgetting factor 0.999 [-]
λtr Transient forgetting factor 0.97 [-]
ωosc0 Initially assumed oscillation frequency 2π10 [rad/s]
dlim Error limit for lowering λ 1 [-]
kω Frequency estimator gain 0.2ωosc0 [-]
ts Sampling time for the RLS algorithm 0.001 [s]

3.5 Analysis
To choose the filtering technique best suited for retrieving the oscillations in the
range of the eigenfrequency of the drivetrain, the different methods described in
chapter 3.1 - 3.4 are tested and their performance is compared for different cases.
The properties considered to be most important for the estimation methods are:
settling time, frequency selectivity and phase and amplitude accuracy.

3.5.1 10 Hz tracking
In order to compare settling time and phase accuracy, a sine wave with frequency
10 Hz and amplitude 10, as seen in Fig. 3.8, is filtered using the four methods.
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Fig. 3.8. Input to the signal estimation techniques, an oscillation with amplitude 10
at frequency 10 Hz, with added random noise of amplitude 1 and frequency 250 Hz.

Random noise with amplitude 1 and frequency 250 Hz (this is the frequency at which
the noise is most powerful in the EM speed measurement) is added to review the
different filters ability to attenuate measurement noise. The results are shown in
Fig. 3.9. The continuous black line is the reference, i.e. the input signal seen in
Fig. 3.8 but without noise, and the dashed lines are the outputs from the filters.
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Fig. 3.9. Tracking of the noisy 10 Hz signal seen in Fig. 3.8. The continuous line
is the reference and the dashed lines are the different filter outputs.

As can be seen in Fig. 3.9 the RLS filter seems to find the correct amplitude after less
than one period, and the correct phase after about two periods. The BPF seems to
find the phase after less than a period while lacking in amplitude. The DFT behaves
similar to the BPF but is a bit slower at gaining amplitude. The PLL does not seem
to fully lock on the reference. As the reference signal suddenly stops oscillating at
t = 0.25 s the RLS is the fastest at settling, followed by the PLL, DFT and finally
the BPF who keep oscillating for some periods.

Both properties of amplitude and frequency accuracy are important and based on
this result alone it is not possible to determine the most suitable method, however,
for this case the RLS seems to generate the most promising result. All of the filters
are excellent at attenuating the high frequency noise.

3.5.2 Oscillating ramp
As mentioned, an important property of the signal estimation technique is frequency
selectivity. It should be able to reject leakage from an average component, and low
frequency signals should be attenuated while the oscillating part is let through.
This is of importance as an oscillation in reality could occur at a positive speed and
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during an acceleration or retardation. The different methods’ abilities to attenuate
low frequencies are tested by filtering a signal with a steep ramp and an added sine
wave, as seen in Fig. 3.10.

0 0.1 0.2 0.3 0.4 0.5
0

25

50

A
m

pl
itu

de
[-]

Time, t [s]

Fig. 3.10. Input to the signal estimation techniques, a ramp with an added oscil-
lation at frequency 10 Hz.

The average component of the signal in Fig. 3.10 goes from 0 to 50 while the os-
cillations are of amplitude 10 and frequency 10 Hz. The results from the different
filtering methods are presented in Fig. 3.11.
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Fig. 3.11. The four estimation techniques filtering the 10 Hz signal with a steep
ramp that can be seen in Fig. 3.10. The continuous line is the reference and the
dashed lines are the outputs from the different methods.
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As can be seen in Fig. 3.11, the DFT handles the ramp without any leakage from the
average component, but again is slow at gaining in amplitude. The BPF has a small
and almost negligible offset owing to the ramp, but is also considered somewhat
slow at building up amplitude. The RLS has a small but constant offset from the
reference, while gaining amplitude rapidly. The PLL is not able to generate a clean
signal. The DFT and BPF are considered to show the most promising performance
in regards to eliminating an average component.

3.5.3 Varying frequency
As the investigated system has a varying natural frequency, it is of importance that
the signal estimation technique can track a signal as the frequency changes. To
investigate how the signal estimation techniques handle this, a sine wave with a
frequency sweeping continuously from 8 Hz at t = 1 s to 12 Hz at t = 1.5 s is filtered
and the results are presented in Fig. 3.12.
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Fig. 3.12. Tracking a signal that changes frequency from 8−12 Hz. The estimation
techniques have already settled to 8 Hz at t = 1 s. The continuous line is the reference
signal and the dashed lines are the different filtering methods’ results.

From Fig. 3.12 it is beheld that the RLS is very competent at handling a signal with
varying frequency, tracking both amplitude and frequency accurately. The PLL is
also performing well but it seems to struggle as the frequency exceeds 11 Hz. The
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BPF and DFT lack in both amplitude and frequency precision for lower and higher
frequencies.

3.6 Summary
Four different signal estimation methods have been investigated and compared in
terms of settling time, frequency selectivity and phase and amplitude accuracy. It
has been shown that all methods have different strengths and weaknesses and no
single strategy has the best or worst performance for all cases. The PLL has an
average performance for all of the cases but does not stand out in any of them. The
DFT and BPF show the most promising capability in terms of completely filtering
out a low frequency term or average component, however this does not make up for
what they lack in terms of gaining amplitude quickly and tracking frequencies in
the interval of 8−12 Hz. When it comes to quickly gaining amplitude and following
a signal with varying frequency, the RLS shows the most promising results and
is ultimately considered to be the best overall signal estimation method for the
intended application.
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4
Controlled system

Several control strategies with varying levels of complexity have been implemented
in combination with the RLS algorithm according to chapter 3.4 and tested together
with the plant model presented in chapter 2. In this chapter the two control strate-
gies that show the most promising results in terms of performance and robustness
are introduced and studied. Furthermore, a strategy for activating and deactivating
the controller is proposed and finally the closed loop behaviour for the entire system
according to Fig. 4.1 is analysed through simulations in Simulink.

Fig. 4.1. Schematic overview of the investigated system including models of the
EM and drivetrain (according to chapter 2) together with an RLS based feedback
controller.

4.1 Controller synthesis
The aim of the controller is to calculate a torque, Tc, that when realised by the EM
should attenuate the oscillations in the frequency range close to the eigenfrequency
of the drivetrain (8−12 Hz). Properties shared between the controllers include them
being based upon the RLS algorithm described in chapter 3.4.

Furthermore, integral action might not be necessary in the controllers as the driver
close an outer loop and this introduces some integral action [17]. The control strate-
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gies rely on the measured angular velocity of the EM as their input signal and they
all use the EM as an actuator for the control signal.

As mentioned in chapter 1.4, the EM is assumed to deliver the requested torque to
the drivetrain with ratio 1:1, although with some time delay, td. This means that
the transfer function representing the EM model block in Fig. 4.1, from Treq to TEM ,
can be expressed as a pure time delay according to

GEM(s) = e−s td (4.1)
The next block in Fig. 4.1, namely the Drivetrain model block, is shown in greater
detail in Fig. 4.2 and the corresponding transfer functions are implemented according
to chapter 2, in particular from (2.11).

Fig. 4.2. Drivetrain model block from Fig. 4.1 with internal transfer functions
from EM torque, TEM , and load torque, Tl, to net torque in the shaft, Tnet, and
from the net torque to the EM speed, φ̇EM . The load torque Tl is considered to be
an uncontrollable disturbance input acting on the drivetrain, and the EM torque,
TEM is a controllable input.

The transfer function from the external load torque disturbance, Tl, to the shaft
torque, Ts,i, is

Gload,shaft(s) = − cs s+ ks
id (Jl s2 + cs s+ ks)

(4.2)

and the transfer function from the net torque in the shaft, Tnet, to the angular
velocity at the EM, φ̇EM , is found as

GT φ̇(s) = Jl s
2 + cs s+ ks

JEM Jl s3 + cs (JEM + Jl
i2
d
) s2 + ks (JEM + Jl

i2
d
) s

(4.3)
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Another property shared for the controller implementation is a supervisory logic,
according to chapter 4.2, for switching the controller on and off.

4.1.1 Proportional gain controller
In [18] it has been shown that power oscillation damping can be successfully achieved
by using an RLS algorithm in combination with a pure proportional gain controller
(P controller). A possible benefit of having a controller that is completely indepen-
dent of the plant model, compared to a model based approach, is that it could be
less sensitive to errors or changes in the model parameters. It also requires minimal
computation effort and is easy to tune as it only contains one tuning parameter [19].
In Fig. 4.3 a block diagram for the estimation based proportional gain controller is
shown.

Fig. 4.3. Block diagram for the estimation based proportional gain controller.

The corresponding transfer function is

KP (s) = −kpGRLS(s) (4.4)

where kp is the proportional gain constant in Nms/rad that translates the estimated
oscillation speed, ˜̇φEM,osc, into the estimated torque oscillation T̃osc [2]. GRLS(s)
is the transfer function of the RLS estimator according to chapter 3.4. After the
estimated oscillatory component of the angular velocity at the EM is multiplied by
kp it is fed back to the actuator with negative sign as Tc to compensate for the
torque oscillations, and this controller therefore targets at completely removing the
oscillations in the EM speed.

The level of attenuation is determined by the control gain kp, where a higher value
achieves greater oscillation rejection at the price of more aggressive actuation and
reduced robustness. The controller is tuned in an iterative manner in order to
achieve a good compromise between oscillation attenuation and robustness, and the
chosen value is presented in Table 4.1 in chapter 4.3.
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4.1.2 Linear-quadratic-Gaussian controller
A common control technique for linear systems is the Linear-quadratic-Gaussian
controller (LQG). It consists of two parts, where the first is a Linear-quadratic
regulator (LQR) and the second is a Kalman filter, also know as a Linear-quadratic
estimator (LQE). The Kalman filter is used to estimate the states of the system.

By using the LQG it is possible to give a torque control input to compensate for all
states rather than only the oscillations in the EM speed measurement. This could
potentially yield a better result than the P controller as it is the ultimate goal to
damp the oscillations in the drive shaft rather than the oscillations in the EM speed.
A possible downside, if compared to the P controller, is that it requires a model of
the plant, and hence it is not as versatile and easy to implement. It also requires
more real-time computation [5] and might be less robust to variations in the plant.

4.1.2.1 Linear-quadratic regulator

The LQR is a full state feedback controller that finds the optimal pole positions of
a feedback system. In [20] this is done by minimizing the cost function

J =
∫ ∞

0
xTQx+ uTRudt (4.5)

and results in a feedback controller of the form

u = −kLQRx (4.6)
where kLQR is the LQR gain vector that is calculated from

kLQR = R−1BTP (4.7)
where P is found by solving the Riccati equation according to

ATP + PA− PBR−1BTP +Q = 0 (4.8)
Here Q and R are weight matrices used for penalizing state differences and control
signals.

The relationship between Q and R determines the behaviour of the controller. A
low value for R and a high value for Q results in a controller that uses the control
signal a lot while trying to keep the states as close to zero as possible. However, if
the value of R is set high, the control signal is considered expensive and results in a
slower controller that utilizes the control signal less.

In this work a fast controller is important and it is of great importance that the
states are kept low. It is especially important that the torsion is kept low. Tuning
accordingly resulted in the following weight matrices

Q =

50 0 0
0 2 0
0 0 2

 , R = 0.1 (4.9)
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4.1.2.2 Kalman filter

The LQR is a full state feedback controller, however, in most cases it is not possible
to measure all states in a system. A Kalman filter can be used to estimate the states
that are not measurable. The system can be described as

ẋ = Ax+Bu+Gw
y = Cx+ v

(4.10)

where w is white process noise and v is the white measurement noise with covariance
data

E(ww′) = Q and E(vv′) = R (4.11)

In the investigated system the disturbance mainly comes from the wheel, causing
the angular velocity of the wheel to change. Therefore, the G matrix is set to affect
only state x3, resulting in G = [001]>.

According to [20] the states can be estimated with

˜̇x(t) = Ax̃(t) +Bu(t) + kK(y(t)− Cx̃(t)) (4.12)

where
kK = PCTR−1 (4.13)

and P can be by found solving the Riccati equation

AP + PAT − PCTR−1P TC +GQGT = 0 (4.14)

The measurement of the EM angular velocity is considered to have low influence
from disturbance compared to the process noise, and thus the covariance data is
selected as

R = 0.01, Q = 1 (4.15)

4.1.2.3 Setup

The gains kK and kLQR are calculated in MATLAB with the commands lqe and lqr,
and the values used for implementation are presented in Table 4.1 in chapter 4.3. The
LQG controlled system compares the measured angular velocity with the estimated
angular velocity. The error is multiplied with the Kalman gain, kK , and added
to the state estimator, which estimates all three states. The estimated states are
multiplied with the LQR gain kLQR in order to generate a control input. The LQR
controller strives to keep all states at zero. In order to get the controller to only
limit the oscillations, the control input is filtered with the RLS algorithm, leading to
only the oscillating part being used as a control input. A visualization of the LQG
control strategy can be seen in Fig. 4.4.

37



4. Controlled system

Fig. 4.4. Block diagram of the LQG control strategy.

4.2 Activation logic
The active drivetrain oscillation damper is required in a limited range of scenarios.
In order to ensure that the controller does not affect the system in the absence of
harmful oscillations, some supervisory logic should be implemented for switching the
controller on and off. Different examples of activation logic for anti-jerk controllers
are discussed in [3]. Solutions typically involve some predefined threshold for the
corrective torque, that when exceeded activates the controller. When the corrective
torque falls below the deactivation threshold (that may or may not have the same
value as the activation threshold) it is turned off.

In this project the activation logic (AL) is based on an RLS estimator as in section
3.4, but with a fixed bandwidth αAL, and without frequency tracking. This is done
to achieve a narrower bandwidth and thereby ensure that the controller is only acti-
vated in certain cases that are considered as potentially harmful. If the bandwidth
is wider, as in the case with a varying forgetting factor and frequency tracking,
the controller is activated too easily, leading to active damping also for oscillations
in frequencies outside the critical region, resulting in decreased performance and
driveability.
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The RLS used in the activation logic takes the measured EM speed, φ̇EM , as input,
and outputs the estimated oscillation, φ̇EM,osc. If the amplitude of the estimated
oscillation exceeds the activation threshold, Ath, the controller is activated. For the
controller to be deactivated the amplitude of the oscillations has to lay below the
deactivation threshold, Dth, for some time tAL. A state machine representing the
activation logic can be seen in Fig. 4.5.

Fig. 4.5. State machine representation of the activation logic for the controller.

As seen in Fig. 4.5 the state machine is initially set to the off state and outputs
a value of 0. If the activation condition is fulfilled the state machine will instead
output a 1. The output value from the state machine is multiplied by the output
from the torque controller to generate the control signal to the actuator.

Careful consideration is taken when choosing the values of Ath, Dth and tAL as they
determine how and when the controller is engaged and disengaged. If for example the
value ofAth is set too low the controller could be activated during a quick acceleration
or retardation, reducing the experienced performance of the car. If the value is set
too high the controller might not be engaged early enough to prevent damage to
the drive shaft and other possible consequences as discussed in chapter 1. The same
reasoning applies when choosing the values for Dth and tAL that determine when to
disengage the controller. If it is done too late the driveability might be decreased
but if it is done too soon the oscillations might still be at concerning levels.

Suitable values are found by analyzing real measurement data of the EM speed in
cases when resonance in the drive shafts has been confirmed, such a measurement
can be seen in Fig. 2.4 in chapter 2. The chosen values are presented in Table 4.1
in chapter 4.3.
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4.3 Full system simulation setup
The proposed controllers, with integrated RLS algorithm and auxiliary activation
logic, are connected to the EM and drivetrain models according to Fig. 4.1. The
full system is implemented in Simulink with the values presented in Table 4.1.

Table 4.1: Parameters used in the full system simulation setup.

Parameter Description Value Unit
td EM actuation delay 0.003 [s]
kp Proportional gain constant 5 [Nms/rad]
kLQR LQR gain [-19.6 3.3 10.3] [-]
kK Kalman gain [-0.11 83.4 9.75]> [-]
αAL RLS bandwidth for AL 1 [rad]
Ath Activation threshold for AL 10 [rad/s]
Dth Deactivation threshold for AL 5 [rad/s]
tAL Time constant for AL 0.1 [s]

The values that are used for the nominal plant model are the same as the ones used
for the analysis of the mechanical drivetrain model in chapter 2.3 and can be seen
in Table 2.1. The parameters used for the RLS estimator are unchanged from the
analysis of the signal estimation techniques in chapter 3 and can be seen in Table 3.4.
Because the EM is only able to supply limited torque the total torque request to
the EM, Treq, is limited to ±350 N m in the simulations.

4.4 Analysis
In this section the two controllers that have been proposed, the P controller and
the LQG controller, are analyzed in terms of performance and robustness. Many
different combinations of input signals, TEM and Tl, representing different driving
scenarios, have been studied. The ones presented in this section are considered to
be significant and to capture the overall behaviour of the system and controllers.
Only one factor is changed at a time to enable consequential comparison between
the scenarios.

The states used for evaluating the controllers are the EM speed (x2) and the tor-
sion in the drive shaft (x1). Factors considered when evaluating the controllers are:
response time, peak oscillation attenuation, oscillation attenuation for varying fre-
quency oscillations and robustness to variations in the plant model, i.e. variations in
the plant model parameters. Furthermore, it is stated in chapter 1.4 that the con-
troller should interfere minimally under normal circumstances, as it might otherwise
reduce the performance and associated driveability of the vehicle. This means that
the controllers should react only when there are potentially harmful oscillations in
the drive shaft, or in other words, if oscillations in the EM speed reach an amplitude
of Ath (see Table 4.1) for frequencies in the range of 8−12 Hz, as they are the ones
considered to be potentially harmful in this project.

40



4. Controlled system

4.4.1 Reconstructed real signal
In order to analyze the controllers’ overall behaviour and performance, a complex
signal originating from real measurement data is studied. A realistic scenario is
reconstructed by decomposing a measurement from a test vehicle, where the torque
in the drive shaft was measured. The measured torque from the real case is the
result of some unknown EM and load toque acting on the drivetrain. Because the
model used for simulation requires two inputs, TEM and Tl, the RLS algorithm is
used for splitting the real measurement signal into two parts. The RLS outputs an
average and an oscillatory component. The average part is used as the EM torque
input, TEM , to the plant, and the oscillatory part is used to simulate a disturbance
from the wheel side of the drivetrain, Tl.

The disturbance, Tl, has a varying frequency with a power spectrum similar to
the power spectrum presented in Fig. 2.5 in chapter 2, where the power is mainly
concentrated around 8−12 Hz. The nominal plant model is used in the simulation,
and hence the resonance frequency is 10 Hz. The oscillation reduction that the
two controllers achieve for the reconstructed scenario can be seen in Fig. 4.6. The
uncontrolled output from the plant model is shown for reference.
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Fig. 4.6. System response when affected by inputs that mimic a real scenario where
an oscillating disturbance is applied at the wheel. x1 is the shaft torsion, x2 is the
angular velocity of the EM and Tc is the torque request from the controller.

41



4. Controlled system

The controllers do not change the performance during the acceleration or the end
result of the EM angular velocity. Nor do they alter the behavior for oscillations of
(in the context) low amplitudes. The driveability and performance is not perceived
as decreased at any point, compared to the uncontrolled case. Both controllers
seem to have desirable behaviour for the complex scenario, by only engaging during
the high amplitude oscillations and disengaging after the amplitudes are decreased
sufficiently. As can be seen from the torque request from the controllers (Tc) they
do not turn on and off during the high amplitudes, but stay turned on until the
oscillations settle.

Both controllers seem to be able to attenuate the oscillations of higher amplitudes
that are seen for t ≈ 2.5 :4 s. The controllers’ performance for the high amplitude
oscillations can be seen in greater detail in Fig. 4.7, where the outputs from Fig. 4.6
are highlighted for the mentioned time frame.
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Fig. 4.7. Enlarged section of the high amplitude oscillations presented in Fig. 4.6
for t = 2.5 :4 s. x1 is the shaft torsion, x2 is the angular velocity of the EM and Tc
is the torque request from the controller.

As can be seen in Fig. 4.7 both controllers are activated just after 2.6 seconds where
the oscillations are starting to amplify. The change in the states upon activation
seem to be more abrupt in the EM speed (x2) than in the shaft torsion (x1), where
a more smooth transition is seen. Both controllers reduce the amplitudes of the
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oscillations that are intensified in the uncontrolled states. The P controller is better
at attenuating the oscillations in the angular velocity of the EM whereas the LQG
controller is slightly better at attenuating the oscillations in the shaft torsion.

If looking at the controller outputs (Tc) from Fig. 4.7, it can be seen that the P
controller has a more aggressive behaviour upon activation, but then settles in and
closely follows the output from the LQG controller. From about 3 seconds and
onwards the LQG controller has a slightly higher actuation request and some phase
lag, compared to the P controller. The overall behaviour is very similar and none
of the signals are close to being saturated in terms of the ±350 N m limit of the EM
actuation.

Because both states have a fluctuating average offset it is challenging to precisely
determine the amplitude of the oscillations and some approximations are made in
order to compare the performance of the controllers. By first turning to the shaft
torsion (x1) for the uncontrolled signal in Fig. 4.7, it is observed that the highest
amplitudes of the oscillations occur in the time frame between 3 and 3.2 seconds.
Here the average offset of the signal is approximately 0.1 rad. This means that the
amplitude of the oscillations in the uncontrolled signal is approximately 0.3 rad. For
the LQG and P controllers the equivalent values are 0.09 rad and 0.12 rad respec-
tively. This means that the peak amplitude in the shaft torsion is reduced by 70%
for the LQG and 60% for the P controller.

When turning to the EM speed, the highest amplitudes are observed in the same
time window, and the approximated peak amplitude for the uncontrolled signal
(after subtracting the estimated average) is 200 rad/s. For the LQG controller the
same number is 100 rad/s and for the P controller it is 60 rad/s. These figures yield
a peak amplitude reduction of the oscillations in the EM speed of 50% for the LQG
controller and 70% for the P controller. The peak amplitude reduction for both
controllers, in both states, are presented in Table 4.2.

Table 4.2: Approximated controller performance for the reconstructed measure-
ment signal scenario seen in Fig. 4.6 and Fig. 4.7.

Description P controller LQG controller
Peak reduction of x1 60% 70%
Peak reduction of x2 70% 50%

As mentioned, it is challenging to calculate the exact amplitude of the oscillations
in a scientific way for a signal with a fluctuating average. However, by studying
the controllers’ behaviour for the signal in Fig. 4.6 it has been shown that the
controllers can handle a complex signal without causing undesirable changes in the
performance or driveability, also for a signal with oscillations occurring at an offset
EM speed. Because this has been demonstrated and no unexpected issues or torque
saturations are observed, and in order to allow for more exact calculations, the rest
of the analysis is performed on signals without a varying average term and without
analysing the torque requests from the controllers.
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4.4.2 Damping in the nominal plant
The controllers’ response times and abilities to attenuate oscillations of frequencies
that coincide with the eigenfrequency of the nominal plant (10 Hz) are analyzed
by studying their responses when a sinusoidal wave with amplitude 50 000 N m and
frequency 10 Hz is added as a disturbance at the wheel side of the drivetrain. Tref
is kept at zero, and the results from the simulation can be seen in Fig. 4.8.
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Fig. 4.8. System response when a sinusoidal disturbance with frequency 10 Hz and
amplitude 50 000 N m is applied at the wheel. x1 is the shaft torsion and x2 is the
angular velocity of the EM.

As can be seen in Fig. 4.8, the torsion of the drive shaft (x1) and the angular velocity
of the EM (x2) in the uncontrolled case starts to resonate while the controlled
systems manage to limit the oscillations. The P controller is better at attenuating
oscillations in the angular velocity of the EM while the LQG controller is better at
reducing the oscillations in the drive shaft torsion. There is no clear difference in
the controllers’ response times. The achieved active damping, expressed in terms
of reduced peak amplitudes in both states, are calculated in the same way as in
chapter 4.4.1 and shown in Table 4.3.

Table 4.3: Controller performance for the 10 Hz disturbance scenario seen in
Fig. 4.8.

Description P controller LQG controller
Peak reduction of x1 65.8% 82.1%
Peak reduction of x2 79.8% 62.4%

44



4. Controlled system

4.4.3 Varying natural frequency
As previously mentioned, the natural frequency of the real system can vary. In order
to verify that the controllers are able to attenuate oscillations even if the eigenfre-
quency changes with time, the plant model is tuned to have a natural frequency of
8 Hz. This is done by changing the spring constant of the drivetrain model, ks, from
15 000 Nm/rad to 10 000 Nm/rad, see (2.12). The system with the modified plant
is investigated by applying an external load torque with amplitude 50 000 N m and
frequency 8 Hz. The results from the simulation can be seen in Fig. 4.9.
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Fig. 4.9. System response when a sinusoidal disturbance with frequency 8 Hz and
amplitude 50 000 N m is applied at the wheel. The plant model of the drivetrain has
been changed to have an eigenfrequency of 8 Hz. x1 is the shaft torsion and x2 is
the angular velocity of the EM.

Both the P controller and the LQG controller manage to attenuate the oscillations
and avoid resonance also when the natural frequency of the system is changed to
8 Hz. The two controllers have similar responses in the angular velocity of the EM
(x2) while the LQG controller is able to attenuate the torsional oscillations (x1)
more than the P controller. The controllers abilities to reduce the peak magnitude
of the oscillations are presented in Table 4.4.

Table 4.4: Controller performance for the scenario seen in Fig. 4.9 where a distur-
bance of 8 Hz is applied to a plant model with the same natural frequency.

Description P controller LQG controller
Peak reduction of x1 58.3% 74.9%
Peak reduction of x2 77.1% 71.7%
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In the same way as for the 8 Hz case, the natural frequency of the drivetrain is
changed to 12 Hz by setting the spring constant ks equal to 22 500 Nm/rad. The fre-
quency of the applied disturbance is also changed to 12 Hz. The resulting behaviours
of the plant and controllers are shown in Fig. 4.10.
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Fig. 4.10. System response when a sinusoidal disturbance with frequency 12 Hz
and amplitude 50 000 N m is applied at the wheel. The plant model of the drivetrain
has been changed to have an eigenfrequency of 12 Hz. x1 is the shaft torsion and x2
is the angular velocity of the EM.

As seen in Fig. 4.10 the controllers manage to reduce the oscillations without be-
coming unstable in the scenario with a 12 Hz disturbance as well. Also for this case
the LQG controller performs better in damping the shaft torsion (x1) than the P
controller, that again reduces the EM speed oscillations (x2) further than the LQG
controller. An increased damping in the shaft torsion, compared to the 8 Hz case, is
observed for both controllers. It can also be seen that the LQG controller does not
perform as well in reducing the oscillations of 12 Hz as it did for the 8 Hz disturbance.
The peak oscillation reductions are presented in Table 4.5.

Table 4.5: Controller performance for the scenario seen in Fig. 4.10 where a dis-
turbance of 12 Hz is applied to a plant model with the same natural frequency.

Description P controller LQG controller
Peak reduction of x1 68.4% 77.4%
Peak reduction of x2 77.4% 60%

4.4.4 Varying damping coefficient
In a similar way that the shaft stiffness can vary with time and external conditions,
so can the damping coefficient cs. To make sure that the controllers can handle
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some variation in the damping of the drivetrain, the plant model is updated with
an increased damping coefficient set to 200 Nms/rad. The response of the modified
plant is investigated by applying a load torque at the wheel side of the drivetrain
with an amplitude of 50 000 N m and frequency of 10 Hz. The responses can be seen
in Fig. 4.11.
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Fig. 4.11. System response when a sinusoidal disturbance with frequency 10 Hz
and amplitude 50 000 N m is applied at the wheel. The damping coefficient, cs, has
been changed to 200 Nms/rad in the plant model of the drivetrain. x1 is the shaft
torsion and x2 is the angular velocity of the EM.

Both controllers are able to attenuate the oscillations in both states. The P controller
is better at attenuating oscillations in the angular velocity of the EM (x2) while the
LQG controller is better at reducing the oscillations in the drive shaft torsion (x1).
However, the peak magnitudes are not reduced as much as in the nominal plant, see
Fig. 4.8. This is likely a consequence of the oscillations in the uncontrolled signal
not reaching as high amplitudes as for the nominal plant, as the plant used in the
simulation seen in Fig. 4.11 has a higher damping. This is expected and means
that the oscillations in the system are not as severe as in the nominal plant where
the damping coefficient is 100 Nms/rad. This also implies that the system does not
require as much active damping. The peak reductions for the 200 Nms/rad damping
simulation are presented in Table 4.6.

Table 4.6: Controller performance for the scenario seen in Fig.4.11 where a distur-
bance of 10 Hz is applied to a plant model with the damping coefficient, cs, set to
200 Nms/rad.

Description P controller LQG controller
Peak reduction of x1 42.3% 71.8%
Peak reduction of x2 65.1% 43%
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In order to verify that the controllers can also handle a drivetrain with a lower
damping coefficient than the nominal plant, the plant model is updated with the
damping coefficient, cs, decreased to 50 Nms/rad. The responses can be seen in
Fig. 4.12.
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Fig. 4.12. System response when a sinusoidal disturbance with frequency 10 Hz
and amplitude 50 000 N m is applied at the wheel. The damping coefficient, cs, has
been changed to 50 Nms/rad in the plant model of the drivetrain. x1 is the shaft
torsion and x2 is the angular velocity of the EM.

As can be seen in Fig. 4.12 both controllers are able to attenuate the oscillations
to a high degree in both states. The oscillations are damped to lower amplitudes
than they are for the nominal plant simulation seen in Fig. 4.8, even though the
system used in Fig. 4.12 has a lower internal damping than the nominal plant.
Or rather, because it has a lower damping, and this causes the load torque to
influence the system more and give rise to oscillations with higher amplitudes. The
controllers then give higher output signals and are able to achieve greater levels
of attenuation. The peak reductions for the 50 Nms/rad damping simulation are
presented in Table 4.7

Table 4.7: Controller performance for the scenario seen in Fig. 4.12 where a dis-
turbance of 10 Hz is applied to a plant model with the damping coefficient, cs, set
to 50 Nms/rad.

Description P controller LQG controller
Peak reduction of x1 81.4% 89.3%
Peak reduction of x2 86.1% 75.1%

A possible issue could be that the controller is disengaged due to the oscillations
observed having low amplitudes, and if the disturbance torque acting on the driv-
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etrain is still high it could potentially still cause issues if the controller is turned
off. However, this has been overcome by setting a relatively low value for when to
disengage the controller†, and by making sure that the oscillations stay below this
value for a time corresponding to at least one amplitude peak for oscillations with
frequencies down to 5 Hz, see chapter 4.2 (Activation logic). It can also be argued
that even if the controller would be disengaged, this means that it has performed
its task well and damped the oscillations to values lower than what is considered as
critical amplitudes. Furthermore, if the load torque was still at critical levels, the
controller would be activated again and keep on performing its intended task.

4.4.5 Varying load inertia
The equivalent inertia of the load (Jl) changes with the weight of passengers, cargo,
potential trailer etc. and in order to verify that the controllers can handle these
variations, simulations are made where the equivalent mass of the load is changed in
the plant model. In Fig. 4.13 the load inertia has been increased from Jl = 160 kg m2

(in the nominal plant) to Jl = 320 kg m2. This corresponds to a load mass of
ml ≈ 4750 kg, compared to the 2340 kg used in the nominal plant (see chapter 2.3
and (2.6) for an explanation of how this is calculated). The input to the system is a
sinusoidal disturbance of amplitude 50 000 N m and frequency 10 Hz applied at the
wheel.
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Fig. 4.13. System response when a sinusoidal disturbance with frequency 10 Hz
and amplitude 50 000 N m is applied at the wheel. The load inertia, Jl, has been
changed to 320 kg m2 in the plant model of the drivetrain. x1 is the shaft torsion
and x2 is the angular velocity of the EM.

†Note that this is not done only for this case, but the activation logic has been tuned to always
have this behaviour, so that the controller is not disengaged until the oscillations are damped to
levels considered to be sufficiently low. All of the simulations presented in chapter 4.4 use the same
activation logic.
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As can be seen from Fig. 4.13 the controllers still perform well when the inertia has
been doubled, however they are activated slightly later than they are for the nominal
load inertia, see Fig. 4.8. This is because the disturbance has a smaller impact on
both the shaft torsion (x1) and the EM speed (x2) as the load torque is subject to
a much larger inertia. Due to the amplitudes of the oscillations not being as high
as in the nominal plant, the need for control action is decreased. The level of peak
amplitude attenuation that the controllers achieve are very similar to the ones for
the nominal plant (presented in Table 4.3) and can be seen in Table 4.8.

Table 4.8: Controller performance for the scenario seen in Fig. 4.13 where a distur-
bance of 10 Hz is applied to a plant model with the load inertia, Jl, set to 320 kg m2.

Description P controller LQG controller
Peak reduction of x1 64.9% 84.4%
Peak reduction of x2 78% 61.4%

4.4.6 Frequency sweep
In order to gain a better understanding of how the controlled system behaves, the
nominal plant model is exposed to an external load torque with amplitude 50 000 N m
and a frequency increasing from 0 to 20 Hz. The responses can be seen in Fig. 4.14.
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Fig. 4.14. Controller performance for a disturbance with a frequency sweeping
from 0 to 20 Hz applied to the nominal plant model. x1 is the shaft torsion and x2
is the angular velocity of the EM.
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From Fig. 4.14 it is observed that the torsion in the drive shaft (x1) does indeed
seem to resonate for frequencies in the region of 8−12 Hz, where the amplitudes
are magnified the most. Note that the amplitude of the disturbance is constant at
50 000 N m, but that the amplitude of the oscillations in both states have varying
amplitudes depending on the frequency. By looking at the EM speed (x2) it is
observed that the lower frequencies have as high, if not higher, magnitude gains
as the frequencies that affect the torsion of the drive shaft the most. As stated in
the analysis of the drivetrain (see chapter 2.4) this makes it challenging to observe
resonance in the shaft torsion by only measuring the EM speed, due to the lack
of amplification in the critical frequencies. By incorporating the RLS algorithm in
both controllers, but also in the activation logic, this issue is overcome. This can be
seen by studying the controlled shaft torsion where both controllers seem to engage
and damp the oscillations considerably in the region of the critical frequencies.

The LQG controller seems to be generating some small overshoots in both states
for frequencies above ∼14 Hz. Because they are small in the context they are not
considered to be potentially harmful to the drive shaft, however, in order to verify
that they are not causing any issues related to driveability the output wheel speed
from the LQG-controlled plant is studied for t = 3.5 :5 s, and this can be seen in
Fig. 4.15.
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Fig. 4.15. Wheel speed corresponding to the case studied in Fig. 4.14. The fre-
quency is increased with time.

As can be seen in Fig. 4.15 the LQG-controlled wheel speed aligns almost perfectly
with the uncontrolled wheel speed. Thus the marginal overshoots generated by the
LQG controller seen in Fig. 4.14 are considered harmless and to not cause any issues
in regards to driveability.
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The controllers’ individual behaviours concerning the EM speed and the torsion in
the drive shaft are studied more closely by zooming in on the region of Fig. 4.14
containing the critical frequencies. The zoomed in snapshot for f = 7.5 :12.5 Hz can
be seen in Fig. 4.16.
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Fig. 4.16. Snapshot of the oscillations presented in Fig. 4.14 for f = 7.5 :12.5 Hz.
x1 is the shaft torsion and x2 is the angular velocity of the EM.

When looking at the controlled states in Fig. 4.16 the trend seen in the rest of the
analysed cases is repeated. The LQG achieves higher levels of attenuation in the
shaft torsion whereas the P controller is able to further dampen the EM speed oscil-
lations. The reduction in the peak amplitude oscillations are presented in Table 4.9.

Table 4.9: Controller performance for the scenario seen in Fig. 4.14 and Fig. 4.16
where a disturbance with a frequency sweeping from 0−20 Hz is applied to the
nominal plant model.

Description P controller LQG controller
Peak reduction of x1 68.3% 84.0%
Peak reduction of x2 78.4% 63.3%

In Fig. 4.16 it can be seen that the controllers are activated at f ≈ 7.7 Hz. This
is a consequence of the RLS not being an ideal filter, leading to some leakage from
the frequencies in the regions of the passband. As stated in [21], it is impossible to
design an ideal filter, i.e. with a gain of at least unity in the passband and a constant
gain of zero in the stopband. There are no identified issues related to the controllers
being activated at f ≈ 7.7 Hz, it is rather considered to add some margin.
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4.5 Summary
Two control strategies with integrated RLS algorithm and auxiliary activation logic
have been implemented in Simulink together with a model of the EM and plant.
The two controllers have different levels of complexity, where the P controller is
independent of the plant model and only uses a proportional gain constant to achieve
reduction of the EM speed oscillations. The LQG controller uses a model of the
drivetrain plant in order to attenuate oscillations in all three states of the state
space model.

The activation logic that is proposed uses two different thresholds for when to engage
and disengage the controllers and thereby limits the range of scenarios for when the
controllers are active. This is implemented in order to ensure that the controllers
are engaged only when necessary to guarantee performance and driveability. This
also means that the target of the controllers, which is to completely attenuate the
oscillations, is limited to the following: lower the oscillations to the level of the
deactivation threshold, Dth.

The analysis shows that both the P controller and LQR controller can achieve active
damping of oscillations in the drivetrain for the specified frequency range of 8−12 Hz
without compromising the performance or driveability. Furthermore, they also do
so for the studied changes in the drivetrain parameters and are considered to be
robust to variations in the plant model and external conditions. The LQR controller
consistently shows better performance when it comes to damping the peak amplitude
oscillations in the torsion of the drive shaft, whereas the P controller is able to reduce
the peak amplitudes of the EM speed oscillations to a higher degree in all of the
studied scenarios. The average achieved peak amplitude reduction, for all of the
presented scenarios, is calculated and can be seen in Table 4.10.

Table 4.10: Average peak reduction for the results presented in Table 4.2-4.9.

Description P controller LQG controller
Peak reduction of x1 63.7% 79.2%
Peak reduction of x2 76.5% 60.9%

According to the average peak reduction the LQG controller damps the oscillations
in the drive shaft torsion 15.5 percentage points more than the P controller, which
damps the EM speed oscillations 15.6 percentage points more than the LQG con-
troller.
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5
Discussion

The performance of the signal estimation method has a big impact on the results
that can be achieved through the active damping controller. It is possible that
there exists a strategy better suited than the RLS algorithm, which was ultimately
chosen, and that by putting more effort into finding the ultimate method even higher
oscillation reduction could be achieved. However, some limitations had to be made
concerning the scope of methods to be investigated due to time restraints. The RLS
algorithm proved to be successful in capturing the characteristics of interest and
furthermore to be easy to tune and manipulate to achieve a desirable behavior. An
area for possible improvement is the low frequency rejection that showed to not be
optimal in the RLS filter, when compared to the DFT method, for the oscillating
ramp (see chapter 3.5.2).

The results from the analysis of the controllers indicate that it is possible to reduce
the oscillations in a drivetrain by only measuring the angular velocity of the EM.
The P controller seems to be the best, out of the two investigated controllers, at
attenuating the EM speed oscillations, while the LQG controller has better per-
formance in reducing the torsion in the drive shaft. Although the LQG controller
manages to attenuate the torsion in the drive shaft, which is considered to be the
ultimate goal, to a higher degree than the P controller, the P controller has other
advantages. Because it does not require a model, it is easier to implement in a real
vehicle. It also means that the P controller could be used in several different vehicles
without having to take their dynamics into account. The P controller would also
require less real time computations which is an additional possible benefit, however
it could be argued that this is not a concern due to the high capacity of today’s
microprocessors.

The phase of the control signal seems to have a big impact on the attenuation
of the oscillations in the drive shaft torsion. If the torque delivered by the EM
would mirror the corresponding torque in the drive shaft perfectly it should be
possible to attenuate the oscillations to a higher degree than what has been observed.
Unfortunately, it is difficult to predict what phase the control signal should have
as it varies with the model parameters and the frequency of the disturbance. The
LQG controller uses all model states to generate the control signal and thereby it
manages to create an output with a phase that yields a better result than the P
controller. However, the Kalman filter seems to have shortcomings in estimating
the phase in the angular velocity of the wheel, and thus this is a possible area for
improvement.
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A possible weakness that could be pointed out in the robustness analysis is that
it does not cover combinations of variations in the parameter values defining the
plant model. As it would practically be impossible to present the performance of
the control strategies in all possible combinations of variations, only certain cases
considered to be representative were presented to show how the control strategies
behave in extreme cases for single parameter variation. This was done because it
would be hard to justify why certain combinations of variations were presented and
not others. However, hundreds of different combinations that are considered to be
rather extreme, i.e. corner cases, have been studied and no potential issues were
found. In order to allow for analysing the cause-effect relationship, only cases where
one parameter was changed at a time have been presented.

5.1 Sustainability and ethical aspects
Goal 13 of the United Nations sustainable development goals states that "2019 was
the second warmest year on record and the end of the warmest decade (2010-2019)
ever recorded. Carbon dioxide (CO2) levels and other greenhouse gases in the at-
mosphere rose to new records in 2019. Climate change is affecting every country
on every continent. It is disrupting national economies and affecting lives. Weather
patterns are changing, sea levels are rising, and weather events are becoming more
extreme" [22]. It furthermore says that we must invest in sustainable solutions, that
fossil fuel subsidies must end and that polluters must pay for their pollution. To
address the climate emergency we need to trigger long-term systematic shifts that
will change the trajectory of CO2 levels in the atmosphere.

About 14% of all CO2 emissions in the European Union come from cars [23]. The
CO2 emissions of an ICE car is approximately 4.5 times higher than for an electric car
charged with renewable produced electricity [24]. As this project aims at reducing
mechanical stress in the drivetrain of xEVs, it may yield a positive contribution in
the required transition as the world moves away from vehicles running on fossil fuels.
By reducing component wear and the risk for drive shaft breakage it could increase
the lifetime of the vehicle and drivetrain components and thereby help reducing
material usage. Substituting a physical oscillation damper with software such as an
active controller, could further decrease material usage and component costs. By
eliminating the physical damper, weight and energy consumption is reduced, leading
to improved range, which is the factor most cited in deciding what xEV to buy [25].
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The possibility to damp potentially harmful mechanical oscillations in an xEV driv-
etrain, caused by external load torque transients, by measuring only the EM speed
and actively controlling the torque input from the EM has been investigated.

6.1 Results from present work
Known vehicle dynamics were used to represent a drivetrain as a two mass spring
damper system and put into a linear third order state-space model, which showed to
capture the resonance in the drive shaft for load torques coinciding with the natural
frequency of the drivetrain (8−12 Hz).

Four different methods for distinguishing the oscillatory component within a cer-
tain frequency range of a signal were investigated and compared in order to find a
technique suited for an active drivetrain oscillation damping controller. The RLS
algorithm showed the most promising results in terms of quickly gaining amplitude
and following a signal with varying frequency and was ultimately considered to be
the best overall signal estimation method for the intended application.

Two controllers were developed and implemented together with the RLS algorithm.
One of the controllers, the P controller, is a simple proportional gain controller that
does not require any information about the dynamics of the drivetrain and outputs
a control torque to reduce oscillations in the EM speed. The other controller, the
LGQ controller, uses a model of the drivetrain in order to estimate and compensate
for the oscillations in the drive shaft torsion, EM speed and in the wheel speed. Both
controllers were implemented in the full system with the model of the EM and driv-
etrain plant. The controllers generate an active damping torque to compensate for
oscillations with amplitudes exceeding 10 rad/s within 8−12 Hz. By using an auxil-
iary activation logic for engaging and disengaging the controller the tractive torque
to drive the vehicle is not unnecessarily affected, nor is the driveability experienced
by the passenger.

For the investigated scenarios the P controller achieved an average peak amplitude
reduction of 63.7% in the drive shaft torsion and 76.5% in the EM speed oscillations,
compared to the uncontrolled case. The LQG controller was able to reduce the peak
amplitudes by 79.2% in the oscillations of the drive shaft torsion and 60.9% for the
EM speed.
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6.2 Recommended future work
During the project all simulations have been performed using a linear third order
model to investigate the controllers performance. To get a deeper understanding of
how the controllers behave it would be of interest to implement them with a more
complex model of higher order but also to verify the results through tests performed
in a real vehicle.

As it has been shown that low frequencies from the load torque have high magnitude
gain to the observed EM speed measurement (see Fig. 2.3), the behaviours of the
controllers and activation logic should be studied thoroughly for low frequency load
torques applied in a physical system to ensure that the controllers are not activated in
the case of e.g. emergency braking, as this could be recognised as a high amplitude,
low frequency load torque.

The phase of the control signal seems to be significant for oscillation attenuation,
and it would therefore be interesting to investigate this relationship further. There
is a phase shift between the measured angular velocity of the EM and an optimal
control torque input. This phase varies with the frequency of the oscillations. A
possible improvement to the developed controllers could therefore be to implement
a phase-gain map that connects the frequencies of the oscillations to the optimal
phase of the control torque signal.
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