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Abstract

This thesis investigates robust acceleration control for heavy-duty vehicles to im-
prove longitudinal control and driver-assist functions. Despite advances in longitu-
dinal vehicle control, important limitations remain. Existing control strategies may
be sensitive to measurement delays, perform poorly for small acceleration errors,
and insufficiently reject oscillatory disturbances from driveline windup and tire dy-
namics. These challenges motivate a model-based control approach that explicitly
accounts for the relevant system dynamics to improve tracking performance and
disturbance rejection.

A third-order state-space driveline model was developed to capture the system’s
dominant dynamics, including flexible driveshaft behavior modeled as a spring-
damper system. The model was tuned and validated against real-world measure-
ments from a battery electric vehicle (BEV), demonstrating close agreement in both
speed and acceleration responses across multiple driving scenarios and gear config-
urations.

A Smith predictor was subsequently designed and evaluated to compensate for the
system’s inherent dead-time delays. Simulation testing showed that the Smith pre-
dictor maintains stability under model and delay mismatches of up to £50%, while
also enabling higher controller gains and faster response times. To further improve
performance, the Smith predictor was extended to include measurement updates.

An LQG controller with integral action, focusing on robustness properties, was pro-
posed to address driveline oscillation damping and steady-state tracking accuracy.
Simulation results show that, given an accurate model, the proposed controller re-
duces oscillations and improvesmproved steady-state tracking compared to the cur-
rent, controller.

Using logged vehicle data, the simulation validated the proposed controllers, showing
that model-based control strategies can improve acceleration-tracking performance
and robustness compared to the existing controller.
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Below is the list of acronyms that have been used throughout this thesis listed in

alphabetical order:

BEV

ECU

GR

ICE

PI-FF
PI-FF-SP
PI-FF-MUSP

ILQG
LTR
SISO
MISO

Battery Electric Vehicle

Electrical Control Unit

Gear Ratio

Internal Combustion Engine

PI controller with feedforward action

PI controller with feedforward action + Smith Predictor
PI controller with feedforward action + Measurement-Updated
Smith Predictor

LQG controller with integral action

Loop Transfer Recover

Single Input Single Output

Multiple Input Single Output
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Nomenclature

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

Indices

k Index for time step in discrete time

Driveline Parameters

b Engine viscous friction coefficient
bgs Gearbox viscous Iriction coefficient
bun Wheel viscous friction coefficient
igb Gearbox ratio

iLfd Final drive ratio

Im, Engine moment of inertia

Jgb Gearbox moment of inertia

Jta Final drive moment of inertia
Myehicle Vehicle mass

k stiffness coefficient

c damping coefficient

Twh Wheel radius

C, Drag coefficient

S, Cab surface

Pa Air density

g Gravity acceleration

Cyr Rolling resistance

T Timestep

X1



Driveline variables

M,

gb

M,s
Mfd
Mds

Mwh

Mresistance

Uyehicle
Faero

Fron
Qroad

p

Gearbox torque
Propeller shaft torque
Final drive torque

Drive shaft torque
Wheel drive torque
External load torque
Angular engine speed
Angular gearbox speed
Angular propeller shaft engine speed
Angular final drive speed
Angular wheel speed
Engine input torque
Vehicle speed in m/s

Air drag force

Roll resistance force
Road angle in radians

Road angle in %

State pace variables

>

T
T2

Zs3

State vector

Predicted state vector

Om
) ifdigb

State two, =60,,

State three, =6,

State one, = ( — Own)

output, =vyenicle
input, =U,,+ applied service break force

external load

State pace Matrices

A
Aa

xii

Continuous system matrix

Discrete system matrix



B Continuous input matrix

By Discrete input matrix

H Continuous load matrix
Hy Discrete load matrix

C Continuous output matrix
Cy Discrete output matrix

Transfer function Variables

G Actual plant transfer function
G Model plant transfer function
A Controller transfer function

Tr Closed loop transfer function

Kalman Variables

L Kalman gain

P Solution of the algebraic Riccati equation (Kalman)
Uy Process noise term

Vg Measurement noise term

Ry Process noise intensity

Ry measurement noise intensity

N Process noise input matrix

Cl katman Output matrix (Kalman)

Cd,engspeed Engine output matrix

ILQG Variables

LQ state gain matrix

LQ integral gain matrix

LQ Augmented gain matrix
State quadratic weighting matrix

Input quadratic weighting matrix

D ®O xRS

Input quadratic weighting matrix

xiii



Paug

Laug

Xy

Measurement noise term (ILQG)

Reference

Solution of the algebraic Riccati equation (ILQG)
Augmented state vector

Integral state

ILQG State-Space Matrices

SR G
s & &

Xiv

Augmented system matrix
Augmented input matrix

Augmented output matrix

Controller system matrix

Controller measurement input matrix
Controller reference input matrix
Controller output matrix

Controller feedthrough matrix
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1

Introduction and Background

As the market for heavy-duty vehicles continues to evolve, the importance of ad-
vanced control and driver-assist functions has increased. This is particularly evident
in the high-end automotive market, where these functionalities are essential to re-
main competitive. Robust, precise acceleration control is therefore fundamental to
enabling safe, accurate operation of driver-assist and control systems.

Most longitudinal vehicle control systems rely directly or indirectly on accurate ac-
celeration control. Inaccurate acceleration control can lead to several issues, includ-
ing oscillatory behavior and incorrect speed estimation. Currently, PID controllers
are used, and despite their simple design, they achieve a lot. Unfortunately, they
have weaknesses that need to be addressed. These include sensitivity to measure-
ment delays, insufficient handling of small acceleration errors, and limited robustness
to unmodeled disturbances from driveline windup and tire dynamics.

Over the years, researchers have proposed numerous control structures to improve
accuracy, robustness, and damping of oscillatory behavior. Many of these approaches
are model-based. However, industrial adoption of these methods has been relatively
slow, as industry tends to favor simpler, more interpretable control strategies. As a
result, PI and PID controllers remain widely used due to their simplicity, robustness,
and adequate performance in many applications.

1.1 Objective and aim

This thesis investigates and analyzes the strengths and weaknesses of a state-of-
the-art acceleration controller, then evaluates its robustness and stability to identify
potential solutions for improving performance.

The objective is to investigate how model-based control can improve longitudinal ac-
celeration control in heavy-duty vehicles, with particular focus on small acceleration
errors, unmodeled disturbances, and robustness to measurement noise and delays.
The study also aims to identify which drivetrain dynamics are essential to capture
in order to achieve a sufficiently accurate yet practical model.



1. Introduction and Background

1.2 Research questions
The following research questions guide and focus the work.

Research Question 1. What driveline factors and relationships must be considered
to create a model that accurately captures vehicle dynamics, including oscillations
stemming from driveline windup?

Research Question 2. What impact does introducing model-based control have on
acceleration-tracking performance and robustness compared to the current solution?

1.3 Structure of work

The work is divided into several parts. First, Chapter 2 develops a model of the ve-
hicle driveline, which serves as the foundation for the subsequent chapters. Chapter
3 then uses this model to analyze the current system’s properties and limitations.
Based on this analysis, two model-based solutions are proposed. The first solution,
presented in Chapter 4, uses a Smith predictor to supplement the existing controller
and improve performance. The second solution, presented in Chapter 5, introduces
a new control strategy based on an LQG controller with integral action. These two
approaches are investigated to determine whether the weaknesses identified during
the system analysis can be mitigated through an alternative, model-based control
design philosophy. Chapter 6 presents the evaluation of the developed model and
controllers, while Chapter 7 discusses the results and their implications.

1.4 Limitations

To limit the scope of the project, no hardware modifications are performed. Instead,
the focus is entirely on implementing a software-based solution that uses current
sensors and signals already used in the vehicles. Moreover, the controller design is
expected to be the same across all driveline configurations but may differ in tuning
between ICE and BEV units due to the significant difference in actuator response.
The developed algorithm should also be lightweight enough to fit within the given
ECU limits.

1.5 Ethical and sustainability aspects

The thesis aims to improve driveline acceleration control, thereby reducing energy
use and, in turn, mitigating negative environmental impacts such as emissions. The
thesis also aims to develop a controller that works for both BEV and ICE drive lines
without any external or new parts, which is great from a sustainability standpoint,
given the costs of materials and production line changes when introducing new
parts.



2

Driveline modeling

To capture the relationship between torque demand from an acceleration controller
and the resulting wheel speed, a driveline model is required. With a driveline model,
it is possible to investigate how different scenarios and controller configurations affect
system behavior through simulation. It is also possible to utilize a model of the
driveline for model-based control, which, as shown in [1], can be the optimal control
solution under the right circumstances.

The aim of the control task is to be precise and handle disturbances, therefore, the
driveline model not only has to capture the relationship between torque demand
and resulting wheel speed but also describe disturbances such as oscillations occur-
ring in the driveline. Another key aspect is the model’s simplicity and modularity.
The controller design cannot change between different driveline configurations, only
tuning can be done. Therefore, the model is modular and simple enough to allow
simple and easy tuning across different driveline configurations.

In [2], a third-order model for a rear-driven heavy truck driveline is proposed, con-
sisting of engine, clutch, transmission, propeller shaft, final drive, drive shafts, and
wheels. In this model, oscillatory disturbances are modeled as a spring-damper sys-
tem in the driveshaft. Further, in [3] it is shown and concluded that a third-order
model is sufficient to capture the main characteristics of a driveline, suggesting that
the driveline oscillations originate mainly from the driveshafts due to the driveshaft
being exposed to the largest torque in relation to stiffness and will therefore gen-
erate the lowest frequency of oscillation. Given the project’s aim of capturing the
vehicle’s dynamics, including possible driveline oscillations, the model proposed by
[2] is chosen as the template for the model developed in this project.

2.1 Driveline equations

The driveline equations are heavily inspired by the third-order model presented in
[2]. However, unlike [2], this project models the clutch as stiff. This is mainly
to reduce model complexity while maintaining satisfactory performance, but also
because real-world testing and simulation validation will be conducted primarily
using a BEV, which does not use a clutch as a standard ICE driveline configuration
does. The propeller shaft is also modeled as stiff, following [2], which states that the
dominant driveline oscillations originate primarily from the drive shaft, indicating
that the propeller shaft can be modeled as stiff to reduce model complexity.



2. Driveline modeling
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Figure 2.1: Schematic diagram of the driveline components and their interactions.

The project aims to improve acceleration tracking, and it is therefore intuitive to
choose vehicle acceleration as the model output. However, in this project, the model
output is vehicle speed. This is because the current real vehicle system front-axle
speed measurement is the most accurate available, and acceleration is derived from
the vehicle speed between sampling periods.

In the model, the upstream driveline is assumed to be rigid from the transmission
output shaft to the engine, meaning no torsional deformation between engine com-
ponents and the transmission output shaft. Using the driveline equations, Newton’s
second law is used to derive the torque-angular acceleration relationship. Figure 2.1
shows an overview of the model components.

2.1.1 Engine

For the engine, U, denotes the commanded input torque, which may originate from
either a combustion or an electric power unit. The engine is characterized by a
viscous friction coefficient b,,, a moment of inertia .J,,, and an output shaft angle
0,,. The rotational dynamics of the engine are described by

IO = Upy = by — Mg, (2.1)

where My, represents the torque transmitted to the gearbox.

2.1.2 Gearbox

The gearbox ratio at the output shaft is denoted by i, which varies with the
selected gear. Like the engine, the gearbox is modeled with an equivalent inertia Jg,

4



2. Driveline modeling

and subject to viscous friction characterized by the coefficient b,. The rotational
dynamics of the gearbox are therefore described by

Jpbgp = Myyigy — byl — My, (2.2)

where M, denotes the torque transmitted to the downstream driveline. The kine-
matic relationship between the engine and gearbox shafts is given by

gm = Hgbigb- (23)

Using this relation, we can reformulate the gearbox dynamics in (2.2) in terms of
the engine angular variables. This yields

Tgpbm = Myi2y — bgpfm — Mipsi__gb, (2.4)

which explicitly expresses the gearbox dynamics as a function of the engine angular
speed.

2.1.3 Propeller shaft

As mentioned, the propeller shaft is modeled as stiff and therefore carries only angle
and torque.
Mps = Mfd

2.5
Ogp = Ops (2:5)
2.1.4 Final drive
The final drive is modeled as the engine and gearbox, with an inertia Jy,.
deéfd = Mfdifd — Mds (26)

This can then be expanded to express it in terms of angular engine speed by using
the relation between the angles.

9ps = Gfdifd = ng (27)
Jtalgy = Mpitq — Magipg (2.8)
Tt = Mpsitaigy — Masi raigy (2.9)

Finally from (2.2) it is possible to substitute M,
Tt = (Mgyi2y — b0 — b0 )it — Masipaig, (2.10)
resulting in a final drive model based solely on engine angular speed:

(Jgbitq + J1a)0m = Mgyiita — bgbémifcd — Mygipaig (2.11)



2. Driveline modeling

2.1.5 Drive shaft

The drive shaft is modeled as flexible. Here, it is represented by a spring-damper
system with stiffness £ and damping c:

. ) 0,, 0,, )
Mwh = Mds = k:(Qfd—Qwh) +C(Qfd_9wh) = k?( — —ewh> —|—C( — _gwh) (212)
Zfdng Zfdlgb
Substituting My in (2.11), gives
(Jgpi2g + J0)0m = Myyi2yi%, — bgyBmi> —k(QL—e Vi paign — c( O — Oup)ipai
gblfd fd)Vm gblgbl fd gbVm?t fd Z.fdigb wh )tfdlgb 'ifdigb wh )t fdlgb-
(2.13)
Inserting (2.13) in (2.1) gives:
: T Jra s bgbm ko, O Om
Zgb Zgbzfd Zgb Lgblfd Urdlgb Lgblrd rdlgh
(2.14)

which describes the engine angular acceleration as a function of the engine speed, the
angular displacement between the engine and the wheel, and their relative angular
speed.

2.1.6 Wheel

The forces acting on the wheels are described by:

(th + mvehielerih>8wh - Mwh — bwhéwh - Mresistance (215>

where the friction torque is represented by a viscous friction coefficient b, and the
external load torque applied to the vehicle is represented by M,csistance- 1The load
torque consists of rolling resistance force, air drag force, and the gravitational force
acting on the vehicle on the same axle as the forces pushing the vehicle in its driving
direction

Mresismnce - (Froll + Fae'ro + mvehielegSin<aroad)>rwha (216>
where forces F,,; and F.,, are calculated using

1
Faero - icasapavgehicle (217)

Froll - mvehiclegcrrcos(aroad)

where C, denotes the aerodynamic drag coefficient, S, is the frontal area of the cab,
pa is the air density, g is the gravitational acceleration, a,q.q is the road inclination
angle, and C.. denotes the rolling resistance coefficient. The road inclination angle
is given as a percentage slope, so it has to be converted by

Oroad = arctan(i) (2.18)

100
where p is the slope in %.

6



2. Driveline modeling

Modeling M, as in (2.12), it is possible to finalize and describe the angular wheel
acceleration as a function of the angular displacement between the engine and the
wheel, and their relative angular speed, as well as the angular wheel speed:

) 0. 0 .
(th_‘_mvehiclerih)ewh - k( . _Hwh)+c( . _ewh)_bwhgwh_Mresistance- (219)
Lrdlgb Lrdlgb

2.2 State space model

To apply model-based control and simulations to the vehicle model, a state-space
model is formed. This is done by combining (2.14) and (2.19) to obtain a system of
equations that describes the vehicle dynamics.

J Jra \; R c O
Zgb Zgbed Zgb Lgblfd Tfdlgb Lgblrd Tfdlgh

) 0, 0, . :
(th + mvehiclerg;h)ewh = k( . - ewh) + C( . - ewh) - bwhewh - Mresistance
Lrdlgb Lfdlgb
(2.20)

As the objective is to control wheel speed using engine speed and understanding the
engine oscillation, it is intuitive to choose states as xy = (Z,fi?gb — Oyp) for driveline
torsion, xy = ém for angular engine speed and x3 = éwh for angular wheel speed.
The load torque M,csistance 1S possible to estimate from measured values of slope,
speed, and vehicle mass. Thus, the load torque can be modeled as a disturbance
input [ with a disturbance input matrix H. The final state space model with load

torque [ and input torque u can be described by

&= Ax + Bu+ Hl (2.21)
where
[0 : -1
A= |k _B¥E o
G
L Jo 1Ja Ja
[0
B = J% (2.22)
1 0
[0
H=1|0
_1
L Jo




2. Driveline modeling

In the state space model, Jy, Jo, by, by, ¢ are described as

J, J
Jl:Jm—’"Tgb"i"a fd-2
Ugb Zgb—i-zfd

2
JZ = th + Myehicle wh

b
b= b+ %b (2.23)
ioy
b2 = bwh
1= lgplfq

The vehicle speed is the output signal from the model:

y=Cr = [O 0 rwh} x (2.24)

Because all measurements in this project are sampled in discrete time, the continuous-
time model, (2.21), is discretized using the zero-order hold method, assuming each
sampled value is piecewise constant over each sample interval. The zero-order hold
method used for this project is explained in [4]. The resulting discretized model is
described as

Tpt1 = Agxr + Bauy, + Hygl

2.25
yr = Caxp, (2.25)

with time step k£ and discrete state space matrices Ay, By and CY.

2.3 Model tuning and validation

According to [1], a model cannot replicate reality exactly. However, it is possible to
tune the model parameters, making the model behave as close to reality as possible.
The tuning is done by simulating the model behavior in different scenarios and vali-
dating the result using real-world measurements from an actual vehicle. The vehicle
measurements used as validation measurements are the recorded vehicle speed and
engine speed. As mentioned, there are no measurements of acceleration available, the
acceleration comparison requires the derivative of both the model-predicted speed
and measured speed. The acceleration is the most important comparison during
validation, as the final goal is to control it.

Although the model should be adaptable across driveline configurations, time and
testing resources limit validation to a single driveline configuration, a Battery Elec-
tric Vehicle (BEV). To facilitate tuning, the validation measurements are collected
during structured tests in which the vehicle starts from a standstill and then per-
forms generic driving on regular roads. This ensures that all initial states start at
zero for both the vehicle and the model simulation. For simplicity, the tuning is
performed on tests in which only one gear is active, and no clutch action occurs. It
is later possible to adapt the model across different gears.

8



2. Driveline modeling

The model parameters are calibrated through manual tuning and numerical opti-
mization. Specifically, parameter adjustments are performed iteratively to improve
the agreement between simulation outputs and measured data, complemented by the
use of the MATLAB optimization function fmincon, which minimizes the root mean
square error (RMSE) between simulated and experimental signals. However, relying
solely on numerical optimization may lead to overfitting, whereby the model repro-
duces measurement noise and delays rather than capturing the underlying system
dynamics. Since experimental data inherently contain noise and temporal delays,
it is essential to avoid embedding these artifacts into the model structure. There-
fore, initial estimates of the variable parameters .J;, Jo, by, be, 7, ¢, k, and r,,, are
obtained from specification sheets or vehicle data, serving as physically grounded
starting points. Subsequent refinement is then performed through controlled tuning
to ensure both fidelity to measured behavior and robustness of the model. The
Simulink model used for tuning is represented in Figure 2.2

Hd

Bd

Cd
H | Multiply [=rie) (ki)

Matrix
Multiply

a{m/s"2)

Matrix
Multiply fgq— |

Figure 2.2: Simulink representation of state space model

2.3.1 Model performance between different gears

In practice, it is not possible to assume the same gear will always be selected, and
gear shifting will occur during driving. Therefore, it is important that the model
is valid throughout different gears, and simulations are thus performed on scenarios
where gear shifting occurs. An example is shown in Figure 2.3, where gear shifts
appear at the dashed lines. As expected, the geargear shifts affect the systems,
causing the model to deviate, especially during the first gear shift. To solve this,
the gear ratio ¢ in the state space model presented in equation 2.22 is treated as a
variable dependent on the current gear. Figure 2.4 shows a simulation in which the
gear ratio ¢ varies with the current gear, rather than remaining constant throughout
the gear shifts. Here, the immediate deviation at gear shift no longer occurs, and
the model performs as expected. However, in the acceleration comparison in Figure
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2.4, large jerks occur during gear shifts because the model lacks clutch dynamics.
These jerks are highly undesirable because they produce large errors in the estimated
acceleration, which can degrade the performance of a model-based controller that
relies on the model. To address this, this project proposes a simple solution: if a gear
shift occurs, the acceleration remains constant during this period, as shown in Figure
2.5. Gear-switch detection is based on the current gearbox state reported by the
vehicle ECU. Note that varying ¢ with the current gear creates different state-space
systems for each gear, which can affect model properties such as stability. Therefore,
this must be taken into account during further controller design and analysis.
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Pr%%icted vehicle speed vs measured vehicle speed (km/h)

—Predicted speed
—Measured speed
-’E\ 80| f‘f*Gea‘r shift A
€
S35
- 60 1
0]
0]
o
[72]
o 401 1
3]
2
@)
> 20+ |
0 \ L . \ L 1
0 20 40 60 80 100

time (s)

(a) Vehicle speed [km/h]. Comparison of measured
vehicle speed and simulated vehicle speed.
Prz%%icted engine speed vs measured engine speed (rad/s)

—Predicted engine speed
—Measured engine speed

---Gear shift I

N

o

o
T

— —_
o (o))
o o

(é))
o

Vehicle engine speed (rad/s)

_50 L 3 L 3 3 L 3 3\
0 20 40 60 80 100
time (s)
(b) Engine speed [rad/s]. Comparison of measured
engine speed and simulated engine speed.

P1rgdicted acceleration vs measured acceleration (m/sz)

—Predicted acceleration
—NMeasured acceleration
---Gear shift

—_

o
o

o

Vehicle acceleration (m/sz)

0 20 40 60 80 100
time (s)
(c) Vehicle acceleration [m/s?]. Comparison of derived
vehicle speed to vehicle acceleration and simulated ve-
hicle speed to vehicle acceleration.

Figure 2.3: Comparison between measured and simulated data. Gear shifts are
present, and the model does not adapt to them.
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Figure 2.4: Comparison between measured and simulated data. Gear shifts are
present, and the model adapts to them.
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F:rg,-dicted acceleration vs measured acceleration (m/sz)
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Figure 2.5: Comparison between simulated and measured acceleration. Here, the
model adapts to the gear shift, keeps a constant acceleration during a gear, and
maintains constant acceleration during the shift.
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3

Analysis

To evaluate controller performance, it is necessary to analyze the system thoroughly
for stability, robustness, and sensitivity. The drivetrain model developed in the
previous section will be used as the plant G throughout this analysis. To conduct
the analysis, the driveline state-space model was converted to a transfer function
using MATLAB’s ss() and tf () functions. The frequency response of the system
will be evaluated using Bode and Nyquist plots, well-established tools in classical
control theory for assessing stability and robustness.

3.1 Bode

A Bode plot illustrates a system’s frequency response by plotting the magnitude
|G(jw)| and phase arg G(jw) against frequency, where w is the angular frequency
in radians per second. The magnitude is commonly expressed in decibels (dB) as
201log; |G(jw)|, as described in [5]. By carefully analyzing the Bode plot, it can be
concluded that a minimum-phase system is stable if the gain crossover frequency is
lower than the phase crossover frequency. The gain margin indicates how far the
magnitude deviates from 0dB at the crossover frequency, measuring how much the
loop gain can increase before the system reaches the boundary of instability. The
phase margin, on the other hand, indicates how far the phase deviates from —180°
at the gain crossover frequency and measures how much additional phase lag the
system can tolerate before becoming unstable. Together, the gain and phase margins
provide a comprehensive picture of the system’s robustness to parameter variations
and modeling uncertainties.

The phase margin can furthermore be used to determine the maximum additional
time delay the system can tolerate before becoming unstable. This relationship is
given by

_ PM-7/180

Tz = (3.1)

WC

where T,.x denotes the maximum allowable delay in seconds, PM is the phase
margin in degrees, and w, is the gain crossover frequency in radians per second.
Using (3.1), the phase margin expressed in degrees can be directly converted into
the maximum allowable time delay in seconds before the system becomes unstable.
This is particularly relevant in practical applications where computational delays,
sensor latency, or communication lag may introduce non-negligible time delays into
the control loop.
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3.2 Nyquist

Bode plots are a widely used, effective method for assessing a system’s stability and
robustness in control engineering and are often the first tool of choice because of their
intuitive graphical representation. However, interpreting stability margins depends
on the open-loop pole configuration. Additional care is required for systems with
poles in the right half-plane. Therefore, it is beneficial to complement and verify
Bode plot results with a Nyquist plot. The Nyquist plot consolidates the complete
frequency response into a single diagram in the complex plane, removing the need
to cross-reference separate magnitude and phase plots. It also handles systems in
which the phase crosses the —180° line multiple times more naturally, making it a
more general stability analysis tool. Another significant advantage of the Nyquist
plot over the Bode plot is its ability to handle open-loop unstable systems using the
Nyquist stability criterion. When assessing a system’s stability using the Nyquist
criterion, one only needs to know the number of unstable open-loop poles and the
number of times the Nyquist curve encircles the critical point —1 in the complex
plane. The difference between these two quantities directly determines the number
of unstable closed-loop poles, thereby providing a stability assessment.

3.3 Step response

Another important, complementary approach to analyzing and validating a system’s
stability and performance is using step responses. A step response is a particularly
useful tool for gaining a deeper, more intuitive understanding of a system’s dynamic
behavior, as it provides direct information on key time-domain performance met-
rics such as rise time, settling time, percentage overshoot, and steady-state value.
These metrics relate closely to frequency-domain stability margins and, as such,
the step response can effectively cross-validate the stability margins obtained from
Nyquist and Bode plots. This is because any violation of these margins should man-
ifest clearly as instability or significantly degraded transient behavior in the step
response. By combining insights from frequency-domain analysis and time-domain
step response, a more complete and reliable assessment of the closed-loop system
performance can be obtained.

3.4 Plant

To analyze the driveline model in the frequency domain, a Bode plot was created
for the model’s transfer function from engine torque to wheel speeds.
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Bode of plant model
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Figure 3.1: Bode plot of plant model

The Bode plot in Figure 3.1 shows no pronounced resonance peak. This suggests
that driveline windup may not be the dominant source of the oscillatory behavior.

3.5 Current Controller

To identify potential solutions or improvements, a thorough understanding of the
current solution is required. Therefore, a stability analysis of the controller cur-
rently in use, a proportional-integral feedforward controller (PI-FF), was carried
out. Initially, Bode plots of the open-loop system were generated and analyzed.
The plant output is speed, whereas this thesis focuses on acceleration. The plant
output must therefore be differentiated to obtain the desired acceleration response,
a step performed after the output is passed through a filter.

L(s) = Z(s)G(s)F(s)s (3.2)

where Z(s) is the controller, G(s) is the plant model, and F'(s) is the filter.
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Figure 3.2: Open-loop Bode plot for different gear ratios
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GR=46 GR =26

Gain Margin (dB) 18.7 24.0
GM Frequency (rad/s) 3.97 3.99
Phase Margin (deg) 88.4 89.3
PM Frequency (rad/s) 0.251 0.143

Table 3.1: Stability for different gear ratios

Figure 3.2 shows two Bode plots for the current controller at different gear ratios.
The red dashed line corresponds to a gear ratio of 4.6, and the blue dotted line to
a gear ratio of 2.6. Both plots show positive gain and phase margins, respectively,
indicating that the system is stable. Furthermore, the relatively large margin values
in Table 3.1 suggest that the system is also quite robust. From the Bode plot, the
closed-loop system is stable, as the magnitude does not exceed 0 dB when the phase
is —180°, and the phase does not fall below —180° when the magnitude is 0 dB.

Nyquist Diagram Nyquist Diagram
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(a) Nyquist (b) Nyquist plot

Figure 3.3: Nyquist plot
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Table 3.2: Open-loop poles

Real Part Imaginary Part

-12.0550 9.7698i
-12.0550 - 9.7698i
-1.7757 4.2868i
-1.7757 - 4.2868i
-4.2867 1.7758i
-4.2867 - 1.7758i
-0.0015 0.0000i
Table 3.3: Open-loop zeros
Zeros
-10.0000
-2.3333

Tables 3.2 and 3.3 confirm that the system is minimum phase, as all zeros have
strictly negative real parts. Combined with the Nyquist plot in Figure 3.3, this
confirms that the system is stable, as the Nyquist criterion is satisfied in accordance
with [5]. Applying (3.1), the maximum allowable time delay was calculated to be
6.14 seconds.

Step Response
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Figure 3.4: Closed-loop step response

To further validate the stability analysis, the step response of the closed-loop system
was plotted, as shown in Figure 3.4. The response settles towards a steady-state
value of 1, indicating that the closed-loop system is stable.

Analysis of both the plant model and the open-loop system shows no indication
of oscillatory behavior. The plant model Bode diagram shows no resonant peak,
and the open-loop system has large stability margins. The results suggest that the
feedforward path may contribute to the observed oscillatory behavior and therefore
warrants further investigation.
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Step Response
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Figure 3.5: Step-response with feedforward

As evident by the step response when including the feedforward controller, signif-
icant overshoot occurs in the acceleration output. Since speed is the integral of
acceleration, this overshoot directly propagates into an overshoot in vehicle speed.
This effect is further amplified during driving conditions where the acceleration ref-
erence changes rapidly and continuously, so the system never has enough time to
settle between references, allowing overshoots to compound. This is further exag-
gerated by the system time delay, since the feedback controller receives a delayed
error signal, it reacts too late to correct the feedforward-induced overshoot, further
amplifying the oscillatory behavior in speed. To address this, a Smith predictor is
proposed. By compensating for the delay, the Smith predictor allows the feedback
controller to react more quickly, directly reducing the compounding effect. Further-
more, the improved phase margins from delay compensation allow higher controller
gains, which in turn may enable removal of the feedforward controller, eliminating
the cause of the overshoot while maintaining adequate stability margins.

3.6 Delay estimation
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Figure 3.6: Delay estimation. The dotted red line shows 7 = 0.36, indicating an
estimated time delay of 0.36s.

Since both the model and the plant (real vehicle) are driven by the same input
signal, the model and measured acceleration should behave similarly. If the model
accurately represents the vehicle dynamics but omits the delay in the real system,
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the main difference between the two acceleration signals should be a time shift.
This makes it possible to estimate the delay by finding the time shift that best
aligns the modeled and measured acceleration signals. To estimate this time shift,
the logged modeled and measured vehicle accelerations were compared using cross-
correlation. Cross-correlation determines the similarity between two signals as one
signal is shifted relative to the other. In this case, the modeled acceleration is
shifted to the measured vehicle acceleration, and the similarity between the two
signals is calculated for each lag. The lag resulting in the highest cross-correlation
corresponds to the time shift at which the model output best matches the measured
vehicle acceleration. This lag is converted into a time delay using the sampling time
of the logged data. As seen in Figure 3.6, a time delay of 0.36 seconds best matches
the measured data from the real vehicle, indicating that this is the delay present in
the system.
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Smith predictor

Systems and controllers with delays are inherently difficult to control, as noted in
[5]. Delays introduce a phase shift that reduces the phase margin, making it difficult
to maintain a large gain while preserving stability. The Smith predictor addresses
this by compensating for dead-time effects. If a sufficiently accurate model is avail-
able and the system delay can be estimated reasonably well, a Smith predictor can
significantly improve controller performance. The classical Smith predictor assumes
stable open-loop plant dynamics and may perform poorly or become unstable when
applied to systems with unstable poles, as mentioned in [6]. The analysis performed
in the previous section shows that the system has stable open-loop dynamics, mean-
ing the Smith predictor is applicable.

Controller Plant

Figure 4.1: System without delay

For a system with plant G and controller Z without any delay, the closed-loop
transfer function is given by

ZG

Ty = .
U1y za

(4.1)

If the plant instead suffers from dead-time delays, the plant transfer function be-
comes G = Ge™*T where e~*T represents the dead-time delay. The resulting closed-
loop transfer function is then

ZGesT

T 1+ ZGeT" (4.2)

TF<S)

The delay appears in the denominator, directly affecting the characteristic equation
and, therefore, the system’s stability.
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Controller Plant
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Figure 4.2: Smith predictor block diagram

The Smith predictor compensates for the delay e~ by introducing an internal
plant model, as illustrated in Figure 4.2. In the ideal case, the plant model G,
perfectly matches the actual plant G, i.e., G, = G. Under this assumption, the
delayed plant output can be canceled by subtracting the delayed model output
Goe™*T and feeding back the undelayed model output G, instead. The resulting
controller transfer function is given by

A

C’smi = . 4.3
Tl (1—eT)2G, (4:3)
Substituting Cynitn into the closed-loop expression yields
CsmithGeisT
= 4.4
4 1+ C’smithCJQ_ST? ( )
which, after simplification, reduces to
ZGe T
Trp = ———. 4.5
T4 za (45)

In the ideal case, the delay is removed from the characteristic equation and there-
fore no longer limits closed-loop stability as in the original delayed system. This
effectively increases the stability margins, allowing the controller to be tuned for a
faster response. This result holds only in the ideal case where the plant model and
delay perfectly match the real system, which is never exactly achievable in practice.

4.1 Robustness to model and delay mismatch

In any practical application of the Smith predictor, the plant model will not perfectly
match the plant behavior. It is therefore important to assess the robustness of the
Smith predictor to model mismatch. To do so, a series of simulation experiments
was conducted. In the first scenario, performance was evaluated under varying levels
of model mismatch. In the second scenario, varying levels of delay mismatch were
considered. In the third scenario, a combination of both model and delay mismatch
was evaluated. All experiments used the current controller as the base, consisting
of a PI and a feedforward controller, with no tuning modifications.
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4. Smith predictor

4.2 Model mismatch

The Smith predictor is notoriously sensitive to model uncertainties and mismatch,
as noted in [6]. It is therefore important to investigate its impact on the system and
controller. In this scenario, the delay estimation is assumed to be perfect, meaning
there is no difference between the actual and modeled delay. This isolates the effect
of model mismatch on the controller’s performance and stability. Since previous
validation showed that the dominant discrepancy between model and measurements
was amplitude-related rather than dynamic, as seen in Figure 2.4, gain mismatch was
selected as a representative uncertainty. The percentages used in the plots represent
the static gain on the model, for example 150% means the estimated output is the
plant output multiplied by 1.5 to introduce the mismatch.
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Figure 4.3: Comparison of model mismatch

Inspecting Figure 4.3, the Smith predictor responds to the step input faster than
the baseline in all cases. Controller performance also degrades as modeling error in-
creases, for both positive and negative mismatch. Importantly, however, the system
remains stable across all tested levels of model mismatch.

4.3 Delay mismatch

In this scenario, the plant model is assumed to be perfect, meaning there is no
difference between the actual and modeled plant output. This isolates the effect of
delay mismatch on the controller’s performance and stability.
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Figure 4.4: Comparison of delay mismatch

As seen in Figure 4.4, the Smith predictor again responds to the input signal faster
than the baseline, and performance degrades as the delay mismatch increases. No-
tably, the system remains stable for delay mismatches of up to +50%.

4.4 Combined mismatch

In any practical application, it is likely that both model mismatch and delay mis-
match occur simultaneously rather than independently. Therefore, several worst-
case scenarios were simulated in which both types of mismatch were present si-
multaneously. These tests were conducted to ensure system stability under more
realistic operating conditions and mismatches.
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Figure 4.5: Comparison of worst cases with model and delay mismatch

When both model and delay mismatches are introduced simultaneously, performance
drops further. As shown in Figure 4.5, the system remains stable, demonstrating
that the Smith predictor retains reasonable robustness even under combined mis-
match.
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4.5 Controller tuning with Smith prediction

In the previous scenarios, the controller was not retuned after introducing the Smith
predictor, so additional performance gains are achievable through tuning. As estab-
lished earlier, the Smith predictor lets the system tolerate larger gains, enabling
tuning for a faster response.

Comparison -- PID Tuning (0.4s delay)
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Figure 4.6: Comparison of different PI tunes

Figure 4.6 shows three controller and tuning variations. PI-FF is the state-of-the-art
PI and feedforward-based controller used today. PI-FF-SP is the controller with a
Smith predictor added. PI-SP uses the PI controller but removes the feedforward
and adds the Smith predictor. With the Smith predictor, the PI controller can be
tuned more aggressively, and the response speed improves noticeably. It is also worth
noting that most results in this section show consistent overshoot. This is attributed
to the feedforward controller, which was included to achieve a faster response, as
mentioned in [6]. With the introduction of the Smith predictor, additional tests were
conducted with the feedforward removed to reduce overshoot while maintaining a
fast and accurate response.

4.6 Validation

To validate the effect of the Smith predictor, a delay was introduced into the plant
G, and the step response of the system was evaluated with and without the Smith
predictor for increasing values of the proportional gain K.
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Step Response
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Figure 4.7: Step response of PI-FF-SP during increasing gain

As seen in Figure 4.7 at a K, gain of 37 000, the system without the Smith predictor
goes unstable. The system with the Smith predictor can maintain stability at the
same gain level that caused instability without it. This demonstrates that the Smith
predictor permits substantially larger proportional gains before instability occurs.

4.7 Measurement-updated Smith predictor

The model presented in the modeling section captures the vehicle dynamics well,
however, throughout model validation and testing of the Smith predictor, the model
output speed does deviate from the actual vehicle speed, and in some cases, the
model output and actual vehicle speed can diverge significantly. Despite the speed
error, the Smith predictor can still estimate vehicle acceleration reasonably well in
most cases. However, it produces prediction errors that are too frequent and too
large, making it unsuitable for use in an automated driving system.

To address this deviation, measurements can be incorporated to prevent the Smith
predictor from drifting under disturbances and model mismatch. Although the
measurements are delayed, they are assumed to be accurate enough upon arrival,
meaning they are sufficient for the PI controller to act appropriately. The core idea is
straightforward: at every timestep, the most recent delayed measurement provides
a known and reliable snapshot of the vehicle state At seconds in the past. The
Smith predictor then reinitializes from this snapshot and simulates the vehicle model
forward by At seconds, producing an estimate of the current vehicle state. This way,
rather than accumulating error over a long prediction horizon, the predictor only
has to bridge the short, fixed gap of At seconds, keeping the prediction accurate and
tightly anchored to reality. In Figure 4.8, a simple example demonstrates how the
measurement-updated Smith predictor maintains an accurate prediction even when
the model suffers from a static gain error or other model mismatch.

To orchestrate this in a discrete Simulink model, a for loop block is used to iterate
At timesteps ahead from the most recent measurement using the model provided
1n 2.25. The for loop is necessary because at each timestep the predictor must
execute multiple simulation steps within a single Simulink timestep, something a
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Figure 4.8: Simple example of how the measurement-updated Smith can maintain
a more accurate performance compared to the faulty model not updated with mea-
surements. The horizontal axis represents time, while the vertical axis represents
the model output.

standard unit delay cannot accommodate. However, since the driveshaft torsion
is not directly measurable, and the full state vector Z is required to reinitialize the
predictor at each timestep, a state estimator is needed. This is done using a Kalman
filter state estimator, which, according to [1], is the optimal linear filter under the
assumption of Gaussian disturbances. Given the system

Tpy1 = Agxr + Baug + Nvy g,

4.6
Yr = Caxy, + Dguy, + vo (4.6)

with v; and vy being process and measurement disturbances, respectively. The
discrete-time Kalman state estimator is given as

Tp1 = AaZx + Baur, + L(yx — CaZyx — Dauy) (4.7)
The Kalman gain L is calculated using
L = (AgPCY + NR15)(CaPCT + Ry)™! (4.8)

where P is the solution to the discrete-time algebraic Riccati equation shown in
(4.9).

P = AgPAY 4+ NR NT —(A4PCT +NRy5)(CaPCY + Ry) " H(AqPCE + NRy)T (4.9)

where R; and Ry are the noise intensities for v; and v9, and Ry is the cross-spectrum
between the two noise terms. It is also assumed that the system is observable,
meaning that the observability matrix O(Ay, Cy) has full rank, which is the case for
this specific system.

The measurements available are vehicle speed and engine speed. However, in the
vehicle model presented in 2.25, C,; includes only vehicle speed. Since engine speed
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Figure 4.9: Block diagram of measurement-updated Smith predictor structure.

provides direct observability into the drivetrain state, helping to improve the state
estimation, a new output matrix incorporating both measurements is proposed for

the Kalman filter.
o
Cd,kalman -

Oengspeed

(4.10)
Cd,engspeed: [0 1 0]

The final structure of the Measurement-updated Smith predictor (MUSP) can be
seen in figure 4.9.
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LQG and integration control

Previous Chapters 3 and 4 focused on analyzing and supporting the existing current
controller setup. In contrast, this chapter introduces a new model-based control
strategy to investigate whether an alternative design philosophy can mitigate or
avoid the identified weaknesses of the state-of-the-art controller.

Using a control strategy separate from the existing PI-FF controller may also yield
different closed-loop behavior, potentially reducing overshoot that, as discussed in
Chapter 3, can be problematic during rapid reference tracking. The proposed strat-
egy is an LQG controller augmented with integral action, with particular emphasis
on robustness and performance under model uncertainty.

5.1 Motivation for LQG Control

In the modeling chapter, a linear state-space model is presented. Simulations show
that the model captures vehicle speed and its derivative, acceleration, with high ac-
curacy over short prediction horizons. However, due to disturbances such as input
errors and model uncertainties, the predicted speed gradually deviates from the mea-
sured speed. In an open-loop configuration, this deviation may become significant
over time.

Nevertheless, this does not imply that state-feedback-based control is infeasible using
the proposed state space model. As discussed in [7], feedback can reduce the effects
of uncertainties, disturbances, and model imperfections. Because the presented
model is linear and shows high short-term predictive accuracy, it is well suited for
state-feedback control design.

5.1.1 State Estimation and LQG Control

As discussed in Section 4.7, the drive shaft torsion is not directly measurable, so
not all states are available for feedback control. Consequently, a state estimator
is required to reconstruct the full system state from available measurements. As
mentioned, the Kalman filter provides the optimal state estimate for linear systems
subject to Gaussian noise, and when combined with an LQR regulator, it forms
the LQG controller, which, under the assumptions discussed in [1], yields the opti-
mal linear output-feedback control solution. The LQG controller minimizes a cost
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function that balances control error and input effort. A key assumption is that the
system matrices are known exactly, which is not strictly true here. However, be-
cause the model shows high short-term accuracy and feedback continuously corrects
prediction errors using measurements, the controller does not rely on accurate long-
term open-loop predictions. This makes LQG a well-suited design choice despite
the modeling uncertainties. Additional motivation for adopting LQG appears in [3],
where appropriate state weighting reduces driveline oscillations caused by driveline
windup, a relevant concern in the present application.

5.1.2 Robustness Considerations

A key consideration when applying LQG control is the closed-loop system’s ro-
bustness. As noted in [7], the strong robustness properties associated with LQR
control when all states are directly measurable do not necessarily carry over to the
output-feedback case, which applies to the present application. Consequently, the
use of Loop Transfer Recovery (LTR) is proposed to restore the controller’s desired
robustness properties. Although LTR can recover important robustness characteris-
tics, practical implementations typically cannot recover them exactly due to actuator
limitations, model uncertainty, and estimator tuning constraints.

5.1.3 Integral Action

In [8], the authors propose a weighted LQG-LTR approach complemented by an in-
tegral action introduced by [9]. The authors claim that this hybrid LQG-LTR with
integral action guarantees zero steady-state tracking error for constant references.
This weighted LQG-LTR with integral action is particularly relevant to the present
project because it combines LQG control characteristics with LTR’s improved sta-
bility margins and integral action’s steady-state tracking performance. This is es-
pecially pertinent given the goal of improving handling of small acceleration errors,
as identified among the objectives discussed in the introduction.

5.1.4 Practical Considerations

The model presented in section 2 does not fully represent the vehicle under saturated
inputs. Because the vehicle is equipped with actuators with actuation limits, we
must account for this. Thus, an integration anti-windup scheme is added, following
[10], in which the integrator is conditionally updated based on the saturation error.

The LQG solution presented is as mentioned based on the model presented in section
2 where the output is vehicle speed, with that being said, the aim is to control
vehicle acceleration. For simplicity, the model is not altered, and the controller is
therefore designed to control vehicle speed. Since acceleration is directly related to
the derivative of vehicle speed, tracking an integrated acceleration reference allows
the problem to be formulated within the existing speed-based state-space model
without introducing additional differentiation noise, thus allowing the controller to
control the vehicle acceleration.
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5.2 Kalman Filter

The same Kalman filter structure as in Section 4.7 is adopted here, utilizing both
engine speed and vehicle speed as measurements. Including engine speed improves
state reconstruction quality and speeds convergence of the estimation error. Ac-
cording to the separation principle, the controller and observer can be designed
independently with respect to nominal closed-loop stability, since the closed-loop
eigenvalues consist of the controller and observer eigenvalues. However, the ob-
server dynamics, estimation errors, noise sensitivity, and model uncertainties may
still affect the robustness of the overall output-feedback system. Nevertheless, in
practice, the improved state estimation from the additional measurement allows the
controller to operate on a more accurate estimate of the system states, which can
in turn improve the overall system robustness.

The resistance load torque is available as a measurement and is therefore treated as
a known input to the model, as formulated in 2.25. Since the load torque is highly
nonlinear, it is not included as a state in an augmented system. Treating it as a
measured input allows its effect to be accounted for directly, without introducing
nonlinear dynamics into the estimator, and, as a result, it does not affect the Kalman
gain calculations.

5.3 Gains

To introduce LQG with additional integral control, ILQG, as proposed in [9], the
system to be controlled is described by

g1 = AaZy + Bauyg + v

5.1
Yp = Cali +wayp (5-1)

and is controlled by the input u; defined as
U = —Kxi'k — Ki.l'[,k (52)

Here, x; ;, denotes the integral state. To apply the standard LQ regulator framework,
the state vector must therefore be augmented as

Taug = [“ ] (5.3)

XTIk
The augmented gain matrix is then given by
Kaug - |:K$ Kz} (54)

and can be obtained by solving the Riccati equation that minimizes the cost function

J = Z (xfugkaa:aug,k + ufRuk) (5.5)

n=0
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where () and R are the quadratic weighting matrices for the state and input, re-
spectively. To incorporate the integral state into the state-space model, one can
discretize it using the forward Euler method. This is done by approximating the
time derivative

r(t) = e(t) (5.6)

using a forward finite difference approximation

y(ty) e L (5.7)

where T, denotes the sampling time. Substituting the continuous-time integrator
with the forward finite-difference approximation yields a final discrete integrator
update step.

Tre+1 — LIk e
— Y = €
T (5.8)
g1 = T+ Tsex

The integrator state is updated using the error between the Kalman prediction Cyy
and the reference r. This reduces the reliance on an accurate, non-delayed vehicle
measurement by using the Kalman state predictor as a filter as well.

Trk+1 = Trg + TS(T’k — Cdi"k) (59)

The resulting augmented state-space model is represented as:

. Ad 0 . Bd -
o = [—Tscd 1] o P [0] + Cog=[Ca 0] (5.10)

With this augmented state-space model, the ILQG regulator gain K, can be com-
puted, as in [1], by solving the discrete-time algebraic Riccati equation:

-1
Paug = Aty PaugAaug — Aty PougBaug (R + BlygPusgBuug)  BiugPaugAaug + Q
(5.11)
where P is the positive semi-definite solution matrix, and the corresponding optimal
gain matrix is given by

-1
Kaug = (R+ By PaugBaug)  BigPaugAuug (5.12)

aug

When computing K4, it is assumed that the system is controllable, meaning that
S(Aaug, Baug) has full rank. Since the load disturbance is measurable but not con-
trollable, it is not included here.

The gains depend only on A; and B,. Therefore, including engine speed as a mea-
surement in the state estimator does not affect the LQR or ILQG gains.

34



5. LQG and integration control

5.4 Controller structure

Figure 5.1 shows a block diagram of the controller structure.

Plant

=

Hd
o ——
Bd 11z cd
[

Anti-windup gspe
integrator
[]
r
|
1 Kalman fillter
L
-]
.1 % | —
L Bd 1z d kal
L]  —
Cd

Figure 5.1: Block diagram of ILQG controller structure

5.5 Stability and Robustness Tuning

To recover the robustness margins lost in the output-feedback case, the output
LTR proposed by [11] is evaluated. This choice is motivated by the fact that, for
SISO systems, the output and input LTRs are practically identical, as noted in [1].
For the output LTR, Q@ = CTC, and the input penalization R is replaced by plI,
where driving p towards zero should recover the system margins. However, in this
application, removing the input penalization leads to overly aggressive input torque,
which drastically reduces stability margins. The standard output LTR procedure,
therefore, does not work as intended for this system, and an alternative tuning
approach is required.

Instead, the method adopted is inspired by the sensitivity of R. The design follows
a two-step tuning procedure. In the first step, @ = diag([¢;, ¢1, ¢2, ¢3]) and R
are tuned manually to achieve satisfactory closed-loop tracking performance and
disturbance rejection. In the second step, @ is replaced by Q = p@, where driving
p towards zero softens the state penalty relative to the control penalty, causing the
controller to penalize input more heavily and thereby making the controller slower,
causing a slower rise time and less overshoot. The value of p is selected as the
smallest value for which satisfactory stability margins are achieved while tracking
performance remains acceptable, reflecting a deliberate trade-off between robustness
and performance.

To further improve the stability margins, the Kalman gain is also tuned by reducing
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the process-noise covariance matrix, causing the estimator to rely more heavily on
the model. However, this must be done carefully because the integral action is based
on the error between the estimated output, (CyZ), and the reference signal, (r). If
C4 is determined primarily by the model, significant steady-state errors may occur
when the model is inaccurate.

It is important to balance reducing controller performance with relying on Kalman
filter predictions to improve system margins while avoiding significant steady-state
errors.

5.5.1 Open-Loop Transfer Function and Margin Analysis

To evaluate the stability and robustness of the closed-loop system, the open-loop
Bode plot and its associated margins are analyzed using the open-loop transfer
function L = GeontroierGplant- The controller is treated as a standalone system with
the tracking error e as input, and the control signal u as output. The states of the

standalone controller are therefore x, = L:CE] , resulting in the controller state-space
I

system
T = A.xer + By + Byr
k1 k Yk k (5‘13)
U = chc,k
To find A., B., B, and C., &4 and x4+, are described using 5.14 and 5.9 respec-
tively.
Tpa1 = AgZp + Baug + L(yk — Cdfk) (514)

It is then possible to substitute u; in the equation above resulting in that Z;,; can
be described as
T = Ag@y + Ba(— K2y — K g) + L(ye — Caly)

5.15
Zpr1 = (Ag — BaK, — LCy) &y, + (—BaK;) w1 ) + Lyg (5.15)

Together with 5.9 and 5.2 it is now possible to construct matrices A., B., B, and
Ce.

4 _ [Ay — B4K, — LCy —ByK,;
| ~T.Cy 1
'L
B, = _0]
. 0 (5.16)
T T -7'7S
Co=|-K. —Ki
D.=0

Because the reference signal is not part of the feedback-loop dynamics, it does
not affect the loop transfer function. The controller transfer function Geontrotier 18
consequently constructed using only A., B., C. and D,.. Since the plant is SISO
and the use of two measurements in the Kalman filter introduces a MISO element
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into the standalone controller, the margin analysis is carried out using only vehicle
speed as a measurement. This is because engine speed does not drive the integrator
and is therefore not part of the full feedback loop; including it would yield an
artificially optimistic picture that does not reflect the actual closed-loop behavior,
whereas omitting it gives conservative margins that are expected to be preserved or
improved in the full two-measurement configuration.

5.5.2 Tuning for robustness

Figures 5.2 and 5.3 show the controller tuning results with respect to robustness. The
former is tuned solely for performance, whereas the latter attempts to recover the
stability margins. The performance metrics for both tuning strategies are presented
in Table 5.1.

The proposed robust tuning strategy essentially reduces controller performance,
making the controller less aggressive. To understand how gain margins affect system
robustness, (3.1) can be used to calculate the maximum allowable measurement and
actuator delays. The resulting 7,,,,, values in Figure 5.2 show that the maximum al-
lowed delay can increase drastically while controller performance remains acceptable.

Bode Diagram
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Figure 5.2: LQG controller tuned for accuracy and fast settling time
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Rise time [s] | Overshoot [%] | Settling time [s] | Steady-state error [m/s?]

Performance tuning 0.2 0.2564 0.32 2.309*10-14
Robustness tuning 0.44 2.104 1.08 2.309*%10-14

Table 5.1: Performance measurements for different controller tuning

Tma:):
Performance tuning | 0.0874
Robustness tuning | 0.6124

Table 5.2: T,,,, for different controller tuning

Bode Diagram
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Figure 5.3: LQG tuning with respect to robustness
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Results

This chapter presents and evaluates the results from simulation and in-vehicle test-
ing of the model created in Chapter 2 and the controller structures developed in
Chapters 4 and 5. The chapter is divided into 2 sections to address the 2 research
questions formulated in Chapter 1. The driveline model will be evaluated using
RMSE against logged data. The controllers, on the other hand, will be evaluated
through step response and metrics such as rise time and settling time, as well as
comparisons with logged data and in-vehicle testing results.

6.1 Research Question 1

Research question 1 evaluates the driveline model’s performance. This comparison
was based on logged vehicle values. The section presents the model’s results after
tuning.

6.1.1 Model

The resulting tuned model, compared with the measurements, is shown in Figures
6.1, 6.2, and 6.3. As mentioned in the Modeling chapter, the measurements used
for comparison are vehicle speed (km/h) and engine speed (rad/s). In addition,
both measured and simulated vehicle acceleration are presented, as acceleration is
the primary control target. It should be noted that the acceleration is not directly
measured or predicted by the model, instead it is obtained by differentiating the
measured and simulated vehicle speed signals, respectively. Nonetheless, comparing
accelerations still provides valuable insight into the system’s dynamic behavior, es-
pecially during small speed changes, where differences may be difficult to observe in
the speed signals alone.

The validation results show that the model captures the overall vehicle dynamics
with good accuracy. In the initial stages of the simulations, the measured and
simulated vehicle and engine speeds agree closely. As the simulations progress, a
gradual deviation between the measured and simulated speeds becomes apparent.
Such deviations are expected, as the model represents a simplified description of a
complex physical system and therefore cannot capture all aspects of the real vehicle
behavior.
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Although deviations in vehicle and engine speeds increase over time, the agreement
between the measured and simulated acceleration remains relatively good through-
out the validation period. This indicates that the model continues to capture the
dominant system dynamics despite the accumulation of offset error. Furthermore,
the model reproduces the oscillatory behavior observed in engine speed, demonstrat-
ing that including drive-axle torsion provides a realistic representation of driveline
dynamics.

The validation results indicate that a third-order driveline model with engine speed,
vehicle speed, and drive-axle torsion as states can capture the dominant vehicle
dynamics with sufficient accuracy. The model can reproduce the transient behav-
ior, acceleration response, and driveline oscillations observed in the measurements,
making it suitable for further system analysis, simulation studies, and model-based
control development.

6.2 Research Question 2

Research question 2 evaluates the impact of model-based control strategies on the
acceleration controller’s performance. This section presents and discusses the results
from the Smith predictor, the measurement-updated Smith predictor, and the LQG
controller.
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Figure 6.1: Comparison between measured and simulated data during driving
opportunity 1.
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PreS%icted vehicle speed vs measured vehicle speed (km/h)
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Figure 6.3:
opportunity 3
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6.2.1 Smith predictor & measurement-updated Smith pre-
dictor

Comparison -- PI-FF vs PI-FF-SP (0.4s delay)
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Figure 6.4: Comparison of PI-FF vs PI-FF-SP

Rise time [s] | Overshoot [%)] | Settling time [s] | Steady-state error [m/s?|

PI-FF 0.32 26.71 5.36 0.0141
PI-FF-SP 0.28 19.00 5.8 0.0117

The step-response of the PI-FF-SP in Figure 6.4 shows that, under ideal conditions,
the Smith predictor lowers overshoot by 29 % compared to the PI-FF. Other metrics
remain similar under ideal simulation conditions.

To further test and validate the Smith predictor, it was also evaluated in-vehicle. To
enable validation, data from the current solution and from the implemented Smith
predictor were logged.
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Figure 6.5: In-vehicle testing: PI-FF vs PI-FF-SP Smith predictor
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Cross corr estimated delay [s] | RMSE [m/s%] | R?

Measurement updated Smith 0.3 0.1797 0.8627
Regular Smith 0.26 0.8627 0.4482

Table 6.1: Cross-correlation-based comparison of the standard and measurement-
updated Smith predictors.
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Figure 6.6: In-vehicle testing: PI-FF vs PI-FF-MUSP Measurement-updated
Smith predictor

When comparing the PI-FF-SP to PI-FF, it can be seen that it performs adequately
in capturing overall acceleration dynamics, see Figure 6.5a. Certain smaller jerks
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are not captured, but the main dynamics of the acceleration are captured. Although
acceleration is the primary metric considered in this thesis, a comparison of speed
is also made, as can be seen in Figure 6.5b. Speed remains an important measure,
as the model outputs speed, which is then differentiated to obtain acceleration. The
speed comparison shows a noticeable discrepancy due to significant drift. However,
the system dynamics are still captured, so the acceleration is represented relatively
well.

The measurement-updated Smith predictor significantly improves the prediction ac-
curacy compared with the standard Smith predictor. The RMSE is reduced from
0.8627 to 0.1797 m/s?, corresponding to a reduction of approximately 79.2%, whilst
R? increases from 0.4482 to 0.8627. These results indicate that the measurement-
updated Smith predictor captures the measured acceleration dynamics more accu-
rately. This improvement is evident in the acceleration by capturing smaller jerks,
as shown in Figure 6.6. In terms of speed, the improvement is large, with the drift
barely noticeable.

To obtain quantifiable results, cross-correlation was performed between the pre-
dicted and measured accelerations. The predicted acceleration signal was shifted by
the lag identified in the analysis chapter via cross-correlation, after which RMSE
and R? were computed to evaluate prediction accuracy. Furthermore, another cross-
correlation was performed to assess the actual lead that the measurement-updated
Smith predictor achieved. The results can be seen in Table 6.1, Looking at the table
the measurement updated Smith predictor shows lower RMSE and higher R? val-
ues as well as a higher lead. Meaning it outperforms the Standard Smith predictor
in every measure. It can also be said that implementing a Smith predictor, espe-
cially a measurement-updated Smith predictor, can improve control performance by
reducing the effects of delays.

6.2.2 LQG

The ILQG controller is evaluated through simulation and compared with the existing
PI-FF controller. No real vehicle testing or hardware simulations were performed
for the ILQG controller due to the complexity and development effort required to
safely integrate the control structure into a vehicle. The simulations therefore use
the vehicle model developed in the modeling section as the plant.

As an initial comparison, a step-response simulation is performed. This provides a
baseline test from which key performance metrics such as rise time, overshoot, set-
tling time, and steady-state error can be evaluated. The resulting performance mea-
sures are presented in Figure 6.7 and summarized in Table 6.2. The step-response
simulation shows that the ILQG controller achieves lower overshoot, faster settling
time, and a smaller steady-state error than the PI-FF controller. These improve-
ments are obtained at the cost of a longer rise time.

To evaluate the controllers in a realistic driving scenario, a reference signal recorded
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12 Step response tracking comparison between PI-FF and ILQG controllers
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Figure 6.7: Step response tracking comparison between PI-FF and ILQG con-
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Figure 6.8: Reference tracking comparison between PI-FF and ILQG controllers

Rise time [s] | Overshoot [%] | Settling time [s] | Steady-state error [m/s?]
PI-FF 0.32 9.1982 1.18 0.0165
ILQG 0.44 2.1036 1.08 2.3-10714

Table 6.2: Step response performance measurements for PI-FF and ILQG
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RMSE (m/s?)
PI-FF 0.0059
ILQG 0.0079

Table 6.3: Root mean square error for PI-FF and LGQ+I
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I I I I I I
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Figure 6.9: Step response with altered model parameters to demonstrate model
mismatch. The parameters are faulty by a 10 percent increase and decrease.

while the vehicle is driving is used as the acceleration reference for the simulations.
Figure 6.8 shows the resulting responses. Visually, the two controllers’ responses
are very similar and difficult to distinguish. Therefore, the root mean square error
(RMSE) relative to the reference signal is computed and presented in Table 6.3.
The RMSE values show that both controllers achieve similar reference-tracking per-
formance. The PI-FF controller achieves a slightly lower RMSE of 0.0059 m/s?
compared to 0.0079 m/s? for the ILQG controller. Despite this difference, both
controllers track the reference closely throughout the simulation.

6.2.3 Model mismatch

To evaluate the robustness of the ILQG controller under model mismatch, a separate
test was conducted. Here, the model parameters were altered uniformly by £10%,
and the results are shown in Figure 6.9. Since the gear ratio estimate is known to
be accurate, it is not altered by this test.
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Discussion

This chapter discusses the results obtained and the methods used throughout the
thesis. It presents an analysis and discussion of the modeling results and approach,
an evaluation and discussion of the Smith predictors’ performance, as well as an as-
sessment of the LQG controllers’ design tuning. Analyzes and discusses the modeling
results and approach, evaluates the Smith predictors’ performance, and assesses the
LQG controllers’ design, tuning, and results. The thesis also presents recommenda-
tions for future work based on its findings.

7.1 Model

The model presented in the Results chapter captures the dominant vehicle dynamics
and is therefore sufficiently accurate for both system analysis and model-based con-
trol design. Nevertheless, some limitations do remain and should be acknowledged.
The most significant limitation is the gradual deviation between the simulated and
measured vehicle states as the simulation progresses. This deviation is particularly
noticeable during deceleration, where the model tends to predict a lower accelera-
tion magnitude than the measurements show. This behavior suggests that either the
model does not fully represent certain deceleration dynamics, or the model inputs
do not accurately reflect the vehicle’s true inputs.

One possible source of error is uncertainty in the model inputs. Even though the
engine torque, brake torque, and resistance torque are treated as measured signals,
they are, in practice, estimates of the true physical quantities. The engine and brake
torques originate from their respective control systems and are estimated as applied
torques rather than measured directly. The same applies to the resistance torque
measurement, which is estimated using models such as equation 2.16 and is therefore
also subject to modeling inaccuracies. Small errors in these estimated inputs may
accumulate over time, resulting in the speed deviations observed during validation.

Another possible explanation is that the model structure does not capture some
vehicle dynamics. The validation vehicle is a BEV that utilizes regenerative braking
during deceleration. During regenerative braking, the electric machine acts as a
generator, producing braking torque while recovering energy. This operating mode
differs fundamentally from propulsion and may introduce dynamics and losses that
are not captured by the current model. Because the model structure follows a
conventional ICE driveline representation, assumptions about damping, friction,
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and torque transmission may be less accurate under regenerative braking. This
hypothesis is supported by the observation that the model captures vehicle dynamics
with high accuracy during acceleration and periods of near-constant speed, whereas
the largest inconsistencies occur during deceleration.

Despite these deviations, the validation results demonstrate that the model suc-
cessfully captures the dominant driveline dynamics. Although vehicle and engine
speed predictions gradually drift from the measurements, the acceleration response
remains in close agreement throughout most simulations. Because the model is
intended for system analysis, simulation, and controller development rather than
long-term open-loop prediction, the observed deviations are acceptable. The results
therefore indicate that a third-order model with engine speed, vehicle speed, and
drive axle torsion as states provides a suitable balance between model simplicity and
dynamic accuracy.

Possible future areas of work have been identified. The model has only been vali-
dated for a specific vehicle configuration. To enable application across a wider range
of vehicles with different masses, driveline layouts, and gear ratios, additional vali-
dation is required. Investigating automated parameter identification methods could
improve the model’s adaptability across different vehicle setups.

Another area for future work is validation at very low vehicle speeds (below approx-
imately 5 km/h). Due to limited measurement accuracy and increased nonlinear
effects in this operating region, the model performance at low speeds has not been
properly evaluated.

Finally, the deviations observed during deceleration suggest that a more detailed
representation of regenerative braking dynamics could further improve model accu-
racy.

7.2 Smith predictor

In the state-of-the-art controller investigation, it was suggested that the oscillations
observed in the system could also be caused by delays in the acceleration controller,
rather than originating solely from tire dynamics and driveline windup. Hence, a de-
lay estimation was performed, and a Smith predictor was introduced. As mentioned
in Chapter 4, the Smith predictor is highly effective when handling pure delays in a
system.

Initially, step-response tests were conducted with the Smith predictor, some of which
are shown in Chapter 4, Figures 4.4-4.6, to validate the concept. The challenge with
delayed measurements is that effective control becomes harder, often resulting in
over- and undershoots, or oscillations. The Smith predictor appeared very promising
during the initial validation phase, demonstrating much faster response than the
system without it whilst still maintaining good tracking performance.
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Based on these results, it was decided to implement the Smith predictor in the
current in-vehicle code to assess its performance in a real-world scenario. As shown
in the Results chapter, the Smith predictor did not perform as expected, exhibiting
relatively large errors compared to the baseline measured acceleration. One challenge
during model and controller investigation and validation was the lack of ground-truth
data. Since no ground truth exists, it was reasoned that the current acceleration
controller captures the acceleration dynamics sufficiently and was therefore selected
as the baseline.

Another limitation of the Smith predictor is that many of the smaller jerks are not
captured. This is most likely due to the significant drift occurring in the speed
estimate, which makes it less sensitive to these smaller changes. As a result, the
estimated acceleration does not capture these smaller changes. Capturing these
smaller changes is important for obtaining accurate acceleration responses.

The measurement-updated Smith predictor captures the small jerks, as shown in
Figure 6.6a. This is because speed tracking has improved greatly, which in turn
provides much more accurate inertia estimates and captures acceleration dynamics
much better.

One issue with the measurement-updated Smith predictor, as shown in Figure 6.6a,
is significant overshoot during large jerks. One potential explanation is that delayed
measurements cause the prediction to overreact during these large jerks, resulting
in increased overshoot. One more potential cause is the use of service brakes.

7.3 LQG

The integral-supported LQG controller showed promising performance in simulation
when compared to the existing PI4+FF controller. As shown in Figure 6.8, both con-
trollers achieve comparable reference-tracking performance during a realistic driving
scenario. Although the PI+FF controller achieves a slightly lower RMSE than the
ILQG controller, the difference is small, indicating that the proposed controller can
maintain a similar level of tracking performance.

The most significant improvements appear in the step-response simulations in Figure
6.7. Compared to the PI+FF controller, the ILQG controller reduces overshoot from
9.2% to 2.1%, achieves a faster settling time, and eliminates steady-state error by
including integral action. These improvements come at the cost of a somewhat
longer rise time. The longer rise time likely results from the more conservative
control action produced by the optimal feedback design, which prioritizes damping
and smooth system behavior over aggressive reference tracking.

The reduced overshoot and improved damping characteristics suggest that the ILQG
controller may also reduce oscillations within vehicle speed and acceleration during
operation. Because the acceleration reference varies significantly in real driving, a
controller with lower overshoot is expected to reduce oscillations. Reduced oscilla-
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tions in vehicle speed and acceleration are generally desirable, as they can improve
vehicle comfort and drivability. However, no direct measurement or quantification
of a controller with lower overshoot has been performed, therefore, this potential
benefit cannot be conclusively verified from the presented results.

The robustness of the ILQG controller was evaluated in Chapter 5 and further as-
sessed through simulations with model mismatch, as shown in Figure 6.9. The
results indicate that the controller can incorporate robustness while still achieving
satisfactory performance. However, the trade-off between robustness and perfor-
mance depends heavily on the specific application. Establishing a robust controller
that performs well across a range of heavy-duty vehicle configurations and operating
environments would require more extensive testing under varying vehicle setups and
environmental conditions.

All evaluations of the ILQG controller are based solely on simulation using the devel-
oped vehicle model. Consequently, interpret the results as an indication of potential
performance rather than proof of real-world improvements. While simulations pro-
vide a controlled environment for comparing control strategies under identical con-
ditions, the conclusions’ accuracy depends entirely on whether the model accurately
represents reality under all circumstances.

Model accuracy matters most for the ILQG controller because it relies on both
optimal state feedback and state estimation through a Kalman filter. While the
Kalman filter improves robustness to measurement noise and sensor imperfections,
model inaccuracies can introduce steady-state errors and degrade state estimates,
which in turn affect the resulting control actions. Furthermore, variations in vehicle
mass, driveline configuration, gear selection, and other conditions can alter system
dynamics and may require retuning the LQR and Kalman filter gains to maintain
the desired balance between robustness and performance.

Testing shows that the existing PI4+FF controller exhibits more tracking error and
oscillatory behavior than predicted by the simulation. This indicates that the model
does not capture all real-world dynamics, so the results may underestimate the actual
benefit of improved damping. Nevertheless, without implementing and testing the
ILQG controller on a real vehicle, it cannot be determined whether the simulation
improvements translate directly to vehicle operation.

Overall, the results indicate that the ILQG controller offers potential for improved
transient response while maintaining accurate tracking performance. Further work
involving implementation and validation on a real vehicle is required to determine
the practical benefits of the proposed control structure.

7.4 Comparison of Control Strategies

This project proposes three control strategies: PI-FF-SP, PI-FF-MUSP, and ILQG.
Since the ILQG controller has not been implemented or tuned for the real vehicle,
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a direct quantitative comparison with the other strategies is not entirely fair, as PI-
FF-SP and PI-FF-MUSP were tuned based on real-world vehicle testing. However,
it is still possible to compare the potential benefits and drawbacks of the different
control strategies based on their structures, theoretical properties, and simulation
results.

7.4.1 PI-FF-SP

The PI-FF-SP strategy offers a relatively simple control structure, making it easy
to implement, tune, and maintain. From an industrial perspective, this simplic-
ity is desirable because it reduces implementation complexity and supports future
development and maintenance.

However, the performance of the PI-FF-SP strategy depends on accurate knowledge
of the system delay and a model that accurately captures the real vehicle’s behav-
ior. Deviations between the assumed and actual delay, or model inaccuracies, may
therefore negatively affect prediction and overall control performance.

7.4.2 PI-FF-MUSP

The PI-FF-MUSP strategy addresses some weaknesses of the PI-FF-SP strategy by
improving prediction and increasing robustness to drift and offset errors. By adding
state estimation, the controller can account for disturbances and model deviations
that might otherwise reduce PI-FF-SP performance.

However, adding state estimation also increases the control system’s complexity.
The state estimator’s performance depends on the accuracy of the system model
and the available measurements. Furthermore, a trade-off exists between estimation
convergence and sensitivity to measurement noise, where faster observer dynamics
may improve the reaction time but increase sensitivity to noise.

7.4.3 ILQG

Theoretically, the ILQG strategy offers the most promising control, as the controller
design allows selecting a control input based on a trade-off between tracking per-
formance and control effort. The simulation results also show reduced overshoot
compared with the other control strategies, which is desirable for this project’s sys-
tem.

However, unlike the PI-FF-SP and PI-FF-MUSP strategies, the ILQG controller has
not been implemented or verified in a real vehicle, and its real-world performance
remains uncertain. Consequently, we can draw only limited conclusions from the
ILQG performance. Furthermore, the ILQG strategy, like the PI-FF-MUSP, intro-
duces state estimation, which introduces the same drawbacks that the PI-FF-MUSP
suffers from.
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7.4.4 Recommended Control Strategy

Based on the results obtained throughout this project, the PI-FF-MUSP strategy
is considered the most suitable control strategy for practical implementation. Com-
pared with the PI-FF-SP strategy, it provides improved prediction and increased
robustness against drift and offset errors. At the same time, it maintains a rela-
tively simple control structure compared with the ILQG strategy.

Although the ILQG strategy may demonstrate promising performance in simula-
tion, including reduced overshoot, it has not been implemented or verified in a real
vehicle. Its practical performance therefore remains uncertain, and further tuning
and validation would be required before its potential benefits can be fully evaluated.

The PI-FF-MUSP strategy, by contrast, has been evaluated in a real vehicle and
has shown improved performance while maintaining a reasonable level of complexity.
Introducing state estimation increases the complexity of the control structure and
makes it sensitive to model inaccuracies and measurement noise. However, consid-
ering the observed improvements in performance and robustness, these drawbacks
are considered acceptable. Therefore, among the control strategies investigated in
this project, the PI-FF-MUSP strategy offers the best balance of performance, ro-
bustness, complexity, and practical applicability.
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Conclusion

The research questions aimed to investigate how model-based control can improve
acceleration-tracking performance and to determine which driveline relationships
are required to obtain a sufficiently accurate vehicle model. The modeling results
show that, with appropriate parameters, a third-order state-space representation can
capture the dominant driveline and vehicle dynamics. Furthermore, by incorporating
measurement updates, the model can compensate for small deviations and provide
accurate estimates of both driveline states and vehicle behavior.

The control results are more difficult to interpret conclusively. Two control struc-
tures were investigated, a Smith predictor intended to support and improve the
existing acceleration controller, and an integral-supported LQG controller designed
as a model-based alternative. The Smith predictor showed promising results in sim-
ulation, where compensation for measurement delays reduced the negative effects
associated with delayed feedback. However, in the real-vehicle implementation, no
actual ground truth could be provided, and it is therefore not possible to evaluate
if the Smith predictor with the estimated delay could provide an improvement in
performance.

The ILQG controller demonstrated the most promising results from a control per-
spective. Simulation studies showed improved transient behavior and reduced over-
shoot, and maintained reference-tracking performance compared to the current PI+FF
controller. Nevertheless, these results depend entirely on the accuracy of the devel-
oped vehicle model and have not yet been experimentally validated. Consequently,
real-vehicle testing is needed to verify the controller’s practical benefits.

Overall, the results indicate that model-based methods have significant potential for
improving acceleration control performance. The developed model provides a suit-
able foundation for analysis and controller design, while the ILQG and proportional-
integral feedforward measurement-updated Smith predictor (PI-FF-MUSP) con-
trollers demonstrate the potential advantages of model-based control strategies in
driveline applications. Future work should improve model accuracy during deceler-
ation, extend validation across different vehicle configurations, and implement the
proposed controllers in a real-vehicle environment to assess practical performance
and robustness.
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