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Abstract

Autonomous bicycles constitute challenging benchmark systems for control,
due to their nonlinear, non-holonomic, and in general, underactuated,
open-loop unstable dynamics. Traditional model-based controllers such
as proportional-integral-derivative (PID) controllers and linear quadratic
regulators (LQRs) can stabilize the bicycle, but rely on simplified models
that may not capture unmodelled and time-varying effects. In contrast, recent
direct data-driven control methods based on Willems’ fundamental lemma
bypass explicit modelling, yet typically assume linear time-invariant dynamic
systems and require persistently exciting inputs that are difficult to apply
safely on unstable systems.

This thesis investigates how traditional model-based and direct data-driven
control methods can be used, and combined, to balance and guide an
autonomous bicycle using mainly steering actuation as input. First, PID, LQR,
fuzzy controller, feedback linearization (FL), and direct data-driven controllers
are designed and compared in high-fidelity simulations and experiments on an
autonomous bicycle. The results show that classical model-based controllers
provide strong baselines, while direct data-driven controllers can enhance
performance when combined with classical controllers. Second, a unified
framework is proposed in which an inner-loop FL controller stabilizes and
partially linearizes the bicycle, and an outer-loop direct data-driven controller
operates on the FL-stabilized system. Two different types of direct data-driven
methods are evaluated in this setting: a static, nonlinear controller and the
Data-enabled Policy Optimization (DeePO) algorithm. Third, the DeePO
algorithm is analyzed and modified to mitigate state perturbations, leading to
a perturbation-free variant studied on LTI systems. Finally, a model-based
PID-MPC trajectory tracking scheme is compared with a data-driven
framework relying on Data-enabled Predictive Control (DeePC) for trajectory
tracking, combined in a cascade architecture with the FL-DeePO setup.
Simulations show that while PID-MPC achieves better tracking accuracy, the
data-driven cascade attains successful trajectory tracking without relying on

vii
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an explicit dynamic model.



Sammandrag

Autonoma cyklar utgér utmanande riktmérkessystem for reglering, pa
grund av sin icke-linjdra, icke-holonoma och i allménhet underaktuerade,
oppen-slinga-instabila dynamik. Traditionella modellbaserade regulatorer,
sdsom proportional-integral-derivata-regulatorer (PID) och linjirt kvadratiska
regulatorer (LQR), kan stabilisera cykeln, men bygger pa forenklade modeller
som inte nodvindigtvis fangar omodellerade och tidsvarierande effekter.
I kontrast till detta kringgar nyare direkta data-drivna regleringsmetoder
baserade pa Willems fundamentallemma explicit modellering, men antar
typiskt linjira tidsinvarianta dynamiska system och kriver stiandigt exciterande
insignaler som dr svara att tillimpa pa ett sikert sitt pa instabila system.

Denna avhandling undersoker hur traditionella modellbaserade och
direkta data-drivna regleringsmetoder kan anvindas, och kombineras, for
att balansera och guida en autonom cykel med huvudsakligen styraktuering
som indata. For det forsta konstrueras PID-, LQR-, fuzzyregulatorer,
feedbacklineariseringsregulatorer (FL) samt direkta data-drivna regulatorer,
vilka jamfors i hogfidelitets-simuleringar och experiment pad en autonom
cykel. Resultaten visar att klassiska modellbaserade regulatorer utgor starka
riktmérken, medan direkta data-drivna regulatorer kan forbéttra prestandan
nir de kombineras med klassiska regulatorer.

For det andra foreslas ett enhetligt ramverk dér en innerloop-FL-regulator
stabiliserar och delvis lineariserar cykeln, medan en ytterloop-regulator baserad
pa direkt data-driven reglering verkar pa det FL-stabiliserade systemet. Tva
olika typer av direkta data-drivna metoder utvérderas i denna konfiguration: en
statisk, icke-linjar regulator och algoritmen Data-enabled Policy Optimization
(DeePO). For det tredje analyseras DeePO-algoritmen och modifieras for att
motverka tillstdndsstorningar, vilket leder till en perturbationsfri variant som
studeras pa linjdra tidsinvarianta (LTI) system.

Slutligen jamfors ett modellbaserat PID-MPC-upplidgg for banfoljning
med ett data-drivet ramverk som bygger pa Data-enabled Predictive
Control (DeePC) for banfoljning, kombinerat i en kaskadarkitektur med
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FL-DeePO-strukturen.  Simuleringar visar att PID-MPC uppnéar bittre
uppfoljningsnoggrannhet, medan den data-drivna kaskaden uppnar lyckad
banfoljning utan att forlita sig pa en explicit dynamisk modell.
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Chapter 1

Introduction

A bicycle, with its two inline wheels, is a naturally unstable system. The rider
uses a combination of steering, moving of the body mass, and forward speed to
stabilize the bicycle in everyday cycling. To balance, the center of mass must
be kept over the base of support, i.e., the wheels. By steering the bicycle in
the direction of the fall, the center of mass of the bicycle is brought back over
the base of support, a fact that was known by Rankine already in 1869 [1]. A
bicycle is a nonlinear, underactuated, non-holonomic system, and at lower ve-
locities it is also naturally unstable [2], thus, it serves as an excellent benchmark
in control. The same strategy that was known by Rankine in the 19th century
is now used for stabilizing autonomous bicycles [3, 4, 5]. When the bicycle
leans to the left, the handlebars steer to the left to maintain balance. This re-
quires a sensor for measuring the lean angle, typically an inertia measurement
unit (IMU), and two motors, one for forward movement and one for actuation
of the handlebars. Other strategies for balancing autonomous bicycles include
directly regulating the lean angle by employing flywheels [6], control moment
gyroscopes [7], a moving mass [8], or changing the mechanical structure of
the bicycle by adding extra wheels [9]. Moreover, some work utilizes a combi-
nation of different strategies as they have their own advantages and disadvan-
tages [10]. On the one hand, balancing using direct regulation of the lean angle
shows promising performance at lower velocities, but struggles at higher veloc-
ities [5]. On the other hand, stabilizing the bicycle by only steering regulation
is not possible at zero velocity. However, using steering actuation requires a
minor alteration of the bicycle’s appearance, compared to mounting a flywheel
or a moving mass, and is also more energy efficient [11].

Beyond its role as a control benchmark, an autonomous bicycle can serve
as a maneuverable test object for assessing Autonomous Emergency Braking
(AEB) and Autonomous Emergency Steering (AES) systems’ performance in



vehicles at a cyclist encounter. Vulnerable Road Users (VRUs), including cy-
clists, are rather unprotected in urban traffic environments where they are often
forced to share road segments with other vehicles [12]. In fact, recent reports
shows that the number of accidents with VRUs are increasing '. To improve
the safety of the VRUSs, autonomous systems, such as AEB and AES systems,
are developed for motorized vehicles. These systems are tested and evaluated
by the European New Car Assessment Programme (EuroNCAP), where a bicy-
cle, with a dummy cyclist, is placed on a sled 2. The bike is constrained by the
linear motion of the sled. Thus, an autonomous bicycle that could maneuver
similarly to a real bicycle would improve the testing area. Another potential ap-
plication for autonomous bicycles is to improve the availability in bike-sharing
systems [13]. A common problem in bike-sharing systems is that the bikes end
up in a few popular places and have to be redistributed by hand [9]. Instead, an
autonomous bicycle could potentially re-localize itself and navigate to charg-
ing stations, streamlining fleet management in bike-sharing systems, similar to
what has already been proposed for scooters [14]. Finally, it could also be used
as a message delivery service or act as a steering assistant for individuals with
limited physical capabilities [15].

Common for the majority of the controllers that have been applied to sta-
bilizing bicycles is that they rely on first-principles models, which are derived
from the geometric and physical parameters of the bike [2, 16]. Even though
some of the models of bicycles have been validated in experiments [17] and
successfully used for balancing bicycles [3], they may require up to 25 param-
eters to be measured and/or estimated. Moreover, in general, models do not
fully leverage the extensive data collected from onboard sensors. This data
could instead be utilized in a system identification process to estimate a model
of the bicycle, rather than depending solely on first-principles modeling [18].
However, regardless of first-order principle modeling or system identification
techniques, the modeling of a system is a time-consuming and complex task.
In fact, it is estimated that about 75% of the time put into control design is
devoted to designing the model [19]. Moreover, in general, a model does not
perfectly represent the actual system due to unmodeled dynamics, paramet-
ric uncertainty, various disturbances, and time-varying dynamics. To address
these limitations and as an alternative to model-based control design, direct
data-driven control techniques, based on Willems’ fundamental lemma [20],
have emerged in recent years [21, 22, 23]. The fundamental lemma establishes

Thttps://www.mynewsdesk.com/se/dina-forsakringar/pressreleases/trafikolyckorna-med-
oskyddade-trafikanter-oekar-saa-ser-det-ut-regionalt-3409613

Zhttps://www.euroncap.com/en/vehicle-safety/the-ratings-explained/vulnerable-road-user-
vru-protection/aeb-cyclist/


https://www.mynewsdesk.com/se/dina-forsakringar/pressreleases/trafikolyckorna-med-oskyddade-trafikanter-oekar-saa-ser-det-ut-regionalt-3409613
https://www.mynewsdesk.com/se/dina-forsakringar/pressreleases/trafikolyckorna-med-oskyddade-trafikanter-oekar-saa-ser-det-ut-regionalt-3409613
https://www.euroncap.com/en/vehicle-safety/the-ratings-explained/vulnerable-road-user-vru-sprotection/aeb-cyclist/
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that, under persistency of excitation, sampled trajectories are enough to param-
eterize all future trajectories over a finite horizon, eliminating the need for an
explicit parametric model. Thus, direct data-driven control bypasses the often
time-consuming task of modeling the system and instead, it identifies a control
law directly by using samples of the persistently excited input and the corre-
sponding output data from the system.

The autonomous bicycle is a nonlinear, non-holonomic, and in general un-
deractuated system where the dynamics of the system are heavily influenced
by the speed; it is a challenging system for any control technique. Even more
so in terms of direct data-driven control techniques, which often assume the
system to be linear time-invariant (LTI) and stable. However, as more research
is conducted, direct data-driven control is used for more challenging control
problems [24, 25, 26, 27, 28].

In this thesis, several traditional and direct data-driven control approaches
are investigated for balancing an autonomous bicycle through actuation of
the rear wheel and the handlebars, i.e., the considered autonomous bicycle
is underactuated. Furthermore, following a cascaded control scheme, the
autonomous bicycle is enhanced with trajectory tracking capabilities, relying
on either model-based or direct data-driven control methods. The direct
data-driven control methods evaluated for stabilization of the bicycle include a
nonlinear controller [21] and the Data-enabled Policy Optimization (DeePO)
algorithm, an adaptive control approach to handle time-varying systems [23].
Moreover, several model-based controllers for stabilizing the autonomous
bicycle, such as Proportional-Integral-Derivative (PID), Linear Quadratic
Regulator (LQR), and Feedback Linearization (FL), are considered. A unified
control framework is also proposed, combining a traditional control method
using FL with both direct data-driven control methods. Finally, we implement
and compare Model Predictive Control (MPC) and Data-enabled Predictive
Control (DeePC) for realizing trajectory tracking in the outer loop. The
control approaches are evaluated in high-fidelity simulations and experiments
conducted on an instrumented bicycle.






Chapter 2

Background

The bicycle has been the subject of research for over a century. In 1899, both
Francis Whipple [29] and Emmanuel Carvallo [30] published their respective
work on bicycle dynamics and showed in theory that a bicycle can self-stabilize,
given enough forward speed. In their work, the bicycle is modeled using four
rigid bodies, including two thin wheels, a main frame, and a front fork with han-
dlebars. Each body has its own associated mass and inertia. Other peripherals,
such as pedals, chains, and brakes, are neglected. Moreover, the friction be-
tween the joints is disregarded in their models. Since they assume thin wheels,
the contact between the ground and the wheels is modelled as a point contact.
The friction in the point contact is neglected, and the wheels are assumed to
roll without side or longitudinal slip, thus making the system non-holonomic.
Finally, the rider is assumed to be a rigid part of the main frame, adding to
its mass and inertia. A passive rider model based on this Carvallo-Whipple
bicycle model (commonly referred to as the Whipple model) was proposed by
Plochl et al., where the riders’ lean angle was added as an additional degree of
freedom [31]. The Whipple model can be linearised around its upright equilib-
rium point, assuming small steering and lean angles and with a constant forward
velocity (0 = 0), resulting in the fourth-order model [2],

Mi(1) + vC,q(t) + [gK, + v*K,1q() = £(1), @.1)

where q(¢) = [@(?), 8(t)]" represents the lean and steering angle respectively.
The inertia and mass properties of the bicycle are captured in the symmetric in-
vertible matrix M. The damping-like matrix is denoted C and is proportional to
the forward velocity v. The stiffness matrix is divided into two parts: a constant
part K, proportional to the gravity constant g and one part, K,, which is pro-
portional to the square of the forward velocity. The input, f(¢) = [7,(), ré(t)]T,



is the lean torque and the torque applied to the handlebar, respectively. To con-
struct the constant matrices M, C, K, and K, 25 design parameters need to
be measured or estimated from the bicycle [17].

Given the Whipple model, it is possible to form its characteristic fourth-
degree polynomial as

det(MA? + vC; A + K, + v’K,) = 0, (2.2)

where the eigenvalues A can be used to determine the velocities at which the bi-
cycle is self-stabilized. When the real part of all eigenvalues is less than zero,
i.e., Re(4) < 0, the bicycle is self-stabilized. As can be seen in Figure 2.1,
the asymptotically stable range lies between the so-called weave speed, v,., and
capsize speed v,, [2]. To compute the eigenvalues, JBike6! was utilized. The
25 parameters used to construct M, C, K;, and K in Figure 2.1 originate from
the instrumented bicycle used in experiments in Paper A and Paper D in this
thesis. Using the characteristic equation, the Whipple model was experimen-
tally validated in the work of Kooijman et al. [17], where a human ran beside
the bicycle to an adequate speed and then released it into free coasting. While
coasting, the roll and steering angle, yaw rate, and the velocity of the bicycle
were measured. By means of curve fitting, the eigenvalues of the measurements
could be estimated and compared to the eigenvalues of (2.2). They found a
good conformity in velocity ranges between 3 and 6 m/s, which suggests that
the model is a good approximation of a real bicycle.

A drawback of the Whipple model is its complexity, and the 25 parameters
that need to be measured or estimated are a time-consuming task [32, 17]. Getz
and Marsden proposed a simple bicycle model that only requires five param-
eters [33, 34]. Consider the bicycle in Figure 2.2 where the centre of mass of
the bike is denoted G, and the contact point between the rear wheel and the
ground is denoted P;. The five parameters needed are the vertical 4 and hori-
zontal distance a between G and P;, the wheelbase b, the total mass m of the
bicycle, and the gravity constant g. The bike is considered to be a point mass,
lumped together in the point G. Besides the assumptions made in the Whipple
model, this model also neglects the radii and inertial moments of the wheels; it
assumes a vertical steering axis, i.e, v = % and, in extension, zero trail, ¢ = 0.
The input is the steering velocity, 6(¢). A similar model to the one presented in
the work of Getz and Marsden is found in the work of Limebeer and Sharp [35],
where they instead use the steering angle, 6(¢), as control input for balance. An
advantage of using &(¢) or 6(¢) as a control input, as compared to the steering

'http://ruina.tam.cornell.edu/research/topics/bicycle_mechanics/
JBike6_web_folder/index.htm
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Eigenvalues of the Whipple model
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Figure 2.1: The Eigenvalues of the characteristic polynomial of the linearized Whipple
model with different forward velocities. All eigenvalues have a negative real part be-
tween the weave speed (v,,,) and capsize speed (v, ), making the system self-stabilized.
The parameters are measured and estimated on the instrumented bicycle considered in
this thesis.

torque which is used for the Whipple model, is that the steer dynamics can be
neglected, which simplifies the model [36].

If we assume constant velocity, the roll dynamics of the Getz and Marsden
bicycle model are given by

mh(t) =gm sin(p(1))—

. (2.3)
((1 = ho sin(@(1))) cos(@()a(H)v* + acos(p(t)vs (1)) m
where o(¢) denotes the curvature of the trajectory and is defined as

R@®) b

Moreover, an extension of the Getz model was proposed by Yi et al. where
the steering axis is no longer assumed to be vertical, i.e. v # %, which also
provides a positive trail (¢ > 0) to the bicycle [37, 38]. Here, v denotes the
head angle, i.e., the angle between the steering axis and the ground (the corre-
sponding caster angle is % — v). This extension offers a more realistic model
of a bicycle, as most bicycles possess a positive trail. However, it has been
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Figure 2.2: A bicycle riding on a flat horizontal plane.

shown that it is not a feature that is necessary for the self-stabilization of a bi-
cycle [39]. The caster angle will also have an impact on the yaw angle (y (7)) of
the bicycle and, in extension, the position (x(t), ¥(¢)) of the bicycle in the world
frame (X, Y, Z). The pose [x(?), y(z), w(?)] of the bicycle can be computed for
the horizontal plane using the following kinematic model:

x =v(t) cos (y (1)) (2.53)
y =u(t) sin (y(1)) (2.5b)
UL .50

where v(?) is the forward velocity of the rear wheel, and () is the effective
steering angle at the ground and is given by
tan(6)(¢) sin(v) >
cos(g)(?) ’

which is defined for all practical lean angles, i.e. —% <@p< % With a non-zero
caster angle, the roll dynamics of the model proposed by Yi et al. becomes

Pp(t) = arctan < (2.6)

R2mp(r) = gm<h sin () + S25Y (4) cos (p(t))
— (1 _ h‘;(’) sin (p(t)) h‘;(’) cosp®) v@®?m (2.7

_ ‘”‘Tm cos (p(t)(O'(t)D(t) + 0(t) w(,(t)),
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where w,(?) is the effective steering angular velocity.

The more advanced model initially proposed by Yi, and later refined by
Zhang and Yi, is slightly more complex compared to the Getz model, but has
demonstrated success in various applications, including the development of
balance controllers [5, 40], path tracking [37], and localization of a bicycle [41].
In contrast, the Whipple model has primarily been used to analyze rider and bi-
cycle stability and human control [42, 17], though it has also contributed to the
design of controllers for autonomous bicycles [3].

Additionally, numerous nonlinear models have been proposed in the lit-
erature, ranging from analytical models [43] to multibody dynamics software
models [3, 10] and models designed based on system identification [18]. Given
that research on bicycle dynamics modeling spans more than a decade, a com-
prehensive review is beyond the scope of this thesis. Instead, readers seeking
a more detailed discussion of dynamic models for two-wheeled vehicles are
referred to [2, 44, 45].

2.1 Data-Driven Control

While mathematical modeling can simplify the design of control schemes, it is
also possible to develop controllers without relying on an explicit model, for
instance, through Reinforcement Learning (RL) [46]. These controllers learn
a control policy by iteratively interacting with the environment, where the al-
gorithm receives feedback, either as penalties or rewards, based on their ac-
tions and guides the search. This allows for shaping different behaviors, such
as improved robustness [47] or empirical stability margins [48]. Recent ad-
vancements in Deep Reinforcement Learning (DRL) have further enabled effi-
cient policy learning for high-dimensional control tasks, such as balancing and
trajectory tracking of bicycles in simulation [49]. However, RL methods are
typically sample-inefficient, often requiring large numbers of simulations or
experiments, and may be difficult to generalize to new scenarios. Moreover, an
agent trained in simulations usually struggles when it is transferred to an exper-
imental setup due to unmodelled dynamics, disturbances, noise, etc. [S0]. An
alternative, model-free, approach has emerged in recent years through direct
data-driven control.

Data-driven control design can be divided into indirect and direct data-
driven control design. As illustrated in Figure 2.3, indirect design refers to the
process where a model is identified using system identification methods relying
on input-output data from the system. In contrast, the direct design methods
bypass the explicit modelling step and design a controller directly from the
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Direct data-driven control design

Data/knowledge ’
of the system ’

Control

Figure 2.3: Direct data-driven control design bypasses the time-consuming step of
modeling the system and designs controllers directly from measurements collected
from the system.

input-output data [51]. In general, data-driven control is appealing for com-
plex, high-dimensional, or uncertain systems, where accurate first-principles
models are difficult and time-consuming to obtain. In this thesis, we focus on
direct data-driven methods rooted in linear systems theory, where the underly-
ing plant is represented as an LTI system. Moreover, data-driven control meth-
ods take advantage of technological advancements that allow for more data and
computational power. By leveraging historical or real-time experimental data,
direct data-driven control allows for the synthesis of controllers without the
need for intermediate model identification steps [19].

A significant breakthrough in direct data-driven control is Willems’ Fun-
damental Lemma [20], which provides a rigorous mathematical foundation for
using past input-output data to predict and control future system behavior. The
lemma states that for an LTI system, a sufficiently rich, i.e., a persistently ex-
citing set of input-output trajectories, contains all necessary information to de-
scribe the system’s dynamics. Let us consider the general discrete time LTI
system

X411 = Ax; + Bu,, k e Ny, (2.8)

where x;, € R" and u, € R™ denote the state and input vectors of real numbers
of sample k, respectively. The matrices A™" and B™ represent the state and
input matrices.

Now, assume that we have collected T samples of input—state data
{u;,x,}T-1. The input sequence ug.7_; := {uy, ..., uy_;} € R is said to
be persistently exciting of order | if the Hankel matrix

U up - Uy

ces u _
UO — ] ) T.l+1

’

w_p u e Uy
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has full rank ml. This implies that signal u must be sufficiently long, namely
T>@m+ 1) —1. (2.9)

Similarly, the state data can be structured in another Hankel matrix as

Xo Xp 0 Xy
X X cee X7

X, = 1 2 ' T-I+1 |
X1 X 0 Xpg

The Fundamental Lemma holds under a set of assumptions; in addition to lin-
earity and time invariance, the system also needs to be controllable and ob-
servable [51]. In its original form, the lemma also assumes noise-free mea-
surements. Under these assumptions and if the input is persistently exciting of
sufficiently high order, any / length trajectory {u,.x; }2_:10 of the system can be
represented as a linear combination of the columns of the data Hankel matrices,
i.e., there exists a vector g such that

[Uo] g = [“0:1—1] . (2.10)

X X0:1-1

Based on these Hankel matrices, the goal is often to design a state-feedback
control law, typically in the form

where K is the gain matrix to be determined. In the traditional setting, with a
model, the feedback gain is typically obtained by solving a Riccati equation. In
the direct data-driven framework, where no explicit model is available, one in-
stead parameterizes all admissible closed-loop trajectories contained in the data
and solves the LQR problem directly in terms of this parameterization [21, 52].
In the noise-free case, the resulting controllers are equivalent to their model-
based counterparts. In practice, experimental data are corrupted by process
and measurement noise, which can lead to reduced closed-loop performance if
not properly accounted for. This has motivated a range of robust and regular-
ized formulations that explicitly account for noise and modelling uncertainty,
for instance by adding regularization terms in the design cost or by enforcing
robustness constraints on the closed-loop behavior [53, 52, 54]. Other direct
data-driven methods include predictive control, where the input sequence is op-
timized online [22], and robust state-feedback design [53], among others. By
exploiting Willems’ Fundamental Lemma, such direct methods can avoid the
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time-consuming and complex task of system identification and instead formu-
late control problems purely in terms of data, which is particularly attractive
for systems with uncertain or time-varying dynamics where traditional model-
based controllers may struggle to maintain accuracy.

Finally, recent developments have extended the use of Willems’ Funda-
mental Lemma to nonlinear and adaptive control settings, using tools such as
Koopman operators, optimization, and machine learning methods to enhance
the performance of data-driven control methods [21, 24, 55, 56]. These exten-
sions have further strengthened the role of direct data-driven control as a prac-
tical and robust alternative to conventional control design, bridging the gap
between data-driven machine learning approaches and classical model-based
control theories.

2.2 Human Control

A human rider maintains balance on a bicycle through a combination of for-
ward velocity, upper body lean, and torque applied to the handlebars. However,
several experimental studies show that upper-body lean appears to play a mi-
nor role in balance. In treadmill experiments, Kooijman et al. observed that
very little upper-body motion occurs and that stabilization is achieved almost
entirely by steering control actions [42]. Moore et al. later confirmed this us-
ing a detailed motion capture analysis, showing that upper-body motions are
mainly present at the pedalling frequency, suggesting that they are primarily a
consequence of pedalling rather than a dedicated balance strategy [57]. Both
studies also report that, at very low forward speeds, riders introduce another
control input in the form of lateral knee movements, which are likely used to
assist balance when steering alone is less effective [42, 57].

The observation that steering control is the main input was further sup-
ported by Zhang et al. [40], who studied a bicycle equipped with a flywheel.
The flywheel introduced a lean torque disturbance without the rider’s aware-
ness. By analyzing the rider’s response, it was shown that the rider primarily
used actuation of the handlebars to compensate for the disturbance. These find-
ings align with those of Kooijman and Moore, which support the conclusion
that handlebar motion is the primary control input for balance and maneuver-
ing. In a more recent research on rider-control identification, perturbation of
the system in experiments was used along with system identification techniques
to model the rider as a feedback controller acting primarily through steering
torque, with additional contributions from upper-body motions at low speed or
under challenging conditions [58].
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Finally, to initiate a turn to the left, a rider typically first performs a subtle
counter-steer to the right [59]. This brief counter-steer causes the bicycle-rider
system to lean to the left, after which the rider turns the handlebars to the left
to follow the desired path while maintaining balance. This counter-steering
mechanism is executed unconsciously by most riders and is therefore not widely
recognized outside the scientific literature. If counter-steering is prevented,
riders quickly lose balance when attempting to turn, as shown in this video 2.
For a comprehensive survey on rider control and human-bicycle interaction,
the reader is referred to [59].

Zhttps://www.youtube.com/watch?v=9cNmUNHSBac
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Chapter 3

Related Work

Several different methods have been proposed for the control of an autonomous
bicycle. In this section, balance controllers, relying on a model-based approach,
are covered first, followed by a section on trajectory tracking for autonomous
bicycles. Finally, model-free control design is reviewed, including RL and di-
rect data-driven control design.

3.1 Model-based control

Balancing an autonomous bicycle can be achieved using steering actuation and
forward velocity [3, 5, 60], or by mounting a flywheel or a moving mass on the
bicycle [8, 40, 61], which allows direct regulation of the lean angle. The ad-
vantage of direct lean angle regulation is that the system can be stabilized even
when standing still; however, such approaches may struggle to maintain bal-
ance at higher velocities [5]. As a third option, the two former approaches can
be combined, using direct lean-angle regulation at low speeds and switching
to steering actuation once the bicycle has picked up speed [10, 62]. The bike
used as the experimental platform in this thesis was originally developed in a
project for verification of motorized vehicles’ AEB systems [63], where it was
important that the autonomous bicycle resembled an ordinary bicycle, which
is difficult to realize with flywheels or a moving mass mounted on the frame.
Therefore, this thesis focuses on balancing the bike using steering actuation in
combination with forward velocity.

In 2005, Tanaka and Murakami balanced a bicycle on a roller using han-
dlebar actuation at a given forward velocity [64]. With a reference lean angle
of zero, the error between the measured lean angle and the reference was fed to
a PD controller that actuated the handlebars. The PD controller was designed

17
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based on a point-mass model of their bicycle. The controller was first evalu-
ated in simulations and then implemented on a bike riding on a bicycle roller.
Handlebar actuation for balancing was also used in the work of He et al. [5].
Using the point-mass model of Yi et al. [38], linearized around an equilibrium
and for constant velocity, a combined feedforward and feedback controller was
designed. In contrast to [64], the experiments were conducted outdoors rather
than on a roller. During experiments, different forward velocities were used,
and a lookup table was employed to switch the controller gains depending on
the velocity. Balance using different forward speeds was also considered in
the work of Yeh et al., where a Linear-Parameter-Varying (LPV) controller was
used to balance a bicycle around campus at varying speeds [60]. The dynamics
were decomposed into four linear subsystems, and the control gains were com-
puted using Linear Matrix Inequalities (LMIs) to ensure robust stability under
speed variations. The point-mass model proposed by Astrom et al. [16] was
used for control design. The controller was first evaluated in simulations and
then on an instrumented bicycle, yielding impressive experimental results with
good tracking performance.

The bicycle is widely recognized as one of the most energy-efficient
modes of transportation [65], yet energy consumption in control algorithms
for autonomous bicycles is rarely considered. To address this, Rodriguez-
Rosa [11] proposed an adaptive control scheme aimed at reducing energy
usage. A PI controller was designed using the point-mass model of Limebeer
and Sharp [35]. The proportional and integral gains were dynamically
adjusted as functions of the forward velocity to balance energy consumption,
steady-state error, settling time, and disturbance rejection. Energy usage was
quantified as the sum of squared control inputs, providing a clear metric for
optimization. Simulation results demonstrated that the adaptive controller not
only stabilized the bicycle but also significantly reduced energy consumption;
at higher velocities, reductions of up to 98% were reported compared to a
conventional PI controller with fixed gains across all considered speeds.

Since the bicycle is a nonlinear system, Defoort and Murakami employed
nonlinear control techniques to stabilize it, specifically a second-order Sliding
Mode Controller (SMC) combined with a Disturbance Observer (DOB) [4].
The control design was based on a nonlinear point-mass model. A comparative
study of three strategies was carried out: SMC with a DOB, SMC without a
DOB, and a PD controller with a DOB. Simulations on a nonlinear bicycle
model showed that the SMC with a disturbance observer achieved significantly
faster convergence to the desired lean angle than the other two controllers. For
experimental validation, the same bicycle and a similar setup as in [64] were
used. The results confirmed that the proposed strategy successfully maintained
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balance for velocities between 0.4 and 3 m/s, and that the SMC with DOB
provided the best overall performance. A known drawback of SMC, however,
is that the switching nature of the control law may induce chattering in the
control signal, potentially leading to high actuation effort and increased wear
on the motors [66].

When balancing an autonomous bicycle, it is also important to consider
both external and internal disturbances, such as wind, uneven terrain, friction
in the joints, and other unmodeled dynamics. One way to address these issues
is to design a controller that explicitly focuses on disturbance rejection, such
as the Active Disturbance Rejection Controller (ADRC) proposed by Baquero-
Suérez et al. [3]. Their design relies heavily on the Whipple model. First,
a velocity analysis based on the eigenvalues of the characteristic polynomial
in (2.2) was conducted to motivate the velocity range for experiments. The
lower bound for the velocity was also established by analyzing the system ze-
ros from steering torque to lean angle. This analysis revealed that the system
becomes non-minimum phase, and thus more difficult to control, at velocities
below v; = 0.78 m/s, so the controller was designed for speeds above this limit.
However, their analysis did not include the steering motor dynamics, which
would alter both the non-minimum-phase range and the self-stabilizing range
of the system. The Whipple model was then used to design the ADRC scheme.
To evaluate the controller, a detailed CAD model of the bicycle was imported
into Adams and controlled in co-simulation with Matlab. Subsequently, ex-
periments were carried out on an instrumented bicycle for both constant and
varying velocities in an outdoor environment. The results show that the bike
could balance in both simulation and on straight asphalt tracks under varying
forward velocities. However, noticeable oscillations remained in both the lean
and steering angles. Disturbance rejection was also the focus in the work of
He et al., where an ADRC scheme for balance was combined with a Deep De-
terministic Policy Gradient (DDPG) controller for trajectory tracking [67]. The
scheme was evaluated in co-simulation using V-REP and Matlab, and the re-
sults indicated that the proposed controller could balance the bicycle at varying
velocities while tracking a reference trajectory. In the study, the controller was
compared to the SMC-DOB proposed by Defoort and Murakami [4], and the
ADRC was shown to stabilize the system faster. However, the control scheme
has not yet been validated experimentally.

3.2 Trajectory tracking

Trajectory tracking for an autonomous bicycle is inherently more challenging
than for many other wheeled robots due to the need for active control to main-
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Figure 3.1: Cascaded control scheme for trajectory tracking and balance. The outer
loop compares the desired pose I'; with the measured pose I'" to form the pose error I',
and computes a desired lean angle ¢, for the inner loop. The balance controller tracks
@, using the lean angle error @, and generates the steering input u to the bicycle.

tain stability. When steering is used for balance, it is not straightforward to
also use it for path tracking. A conflict may arise if the balance controller and
trajectory tracking controller compute contrary control signals, i.e., one control
signal results in a left steering action and one in a right steering action. A more
effective approach is to use a cascaded control scheme, see Figure 3.1, where
the trajectory tracking controller computes a desired lean angle for the balance
controller to track.

Dao and Chen proposed a cascade control strategy to achieve both balance
and trajectory tracking [68]. Their method employs an SMC in the inner loop to
stabilize the bicycle by tracking a specified lean angle, while the outer loop uses
a fuzzy logic controller with gain scheduling and integral action. In the simula-
tion, the Whipple model and the parameters from the benchmark bicycle in [2]
were used. From the results, it’s clear that the integral action plays an impor-
tant role in their trajectory tracking controller, especially when the disturbance
is induced in the system. Using Getz’s point-mass model, Yuan et al. [69] tack-
led trajectory generation and path following in simulation. They constructed
the bicycle’s planar trajectory using polynomial curves and employed Parti-
cle Swarm Optimization (PSO) to ensure compliance with constraints on the
lean angle, while finding an optimal path. This formulation treats path track-
ing as an optimization problem subject to the bicycle’s dynamic constraints,
enabling accurate path following while maintaining stability. The proposed
control strategy ensures accurate trajectory tracking while preserving stability,
even for different speed scenarios. A nonlinear control approach for trajectory
tracking in motorcycles was introduced by Yi et al. [37]. Since their work fo-
cused on motorcycles rather than bicycles, it considered significantly higher
velocities, ranging from 5 m/s to 14 m/s. The controller was tested in numer-
ical simulations with noise in the measured variables. Due to the high speeds
and wide turns, the reported steering angles remained small, around 2°. Conse-
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quently, its applicability to autonomous bicycles remains uncertain. However,
all these approaches are evaluated on rather simple analytical models and may
be difficult to realize on a real bicycle.

In the work of Baquero-Suérez et al., the ADRC was extended to trajectory
tracking. By establishing a relationship between the bicycle’s lean and yaw
angles, they manipulated the desired lean angle to track the desired yaw an-
gle. Their method was evaluated in simulations, where a realistic CAD model
of the bicycle was controlled in Adams. Their method was evaluated at low
velocities, 1.5 m/s, using wide circular paths and straight segments. Experi-
mental results were also reported in the work of Zhao et al. [70], where path
planning, path following, and obstacle avoidance for an autonomous bicycle
were investigated. The path planning algorithm initially defines a linear path
between two points and dynamically replans the trajectory in four phases upon
detecting an obstacle. By sensing the yaw angle and position of the bicycle, a
reference lean angle is computed, guiding the bike along the desired path. The
results from experiments demonstrated that their bicycle successfully avoided
static obstacles using a Lidar sensor for detection. Experimental results were
also reported in the work of Yuh et al., who used a cascade LPV control for
the first balance, and then the outer LPV loop for trajectory tracking [60]. The
bicycle follows a virtual reference trajectory generated by the motion model
proposed by Astrom et al. [16]. The system is experimentally validated on a
full-scale self-driving bicycle, achieving a trajectory tracking error of less than
0.18 m on campus roads.

3.3 Model-free control

Humans typically learn to balance a bicycle through repeated trial and error,
gradually learning the control policy. A similar principle can be applied to
balancing an autonomous bicycle using RL [71, 72, 73]. In the work by Choi
et al. [71], a DDPG [74] is used to learn a policy for controlling the bicycle’s
speed, lean angle, and steering torque. Three different reward functions were
compared: one where the focus was solely on the lean angle error, and two re-
ward functions that had different weight terms for lean angle, lean rate, and ac-
celeration. When the different reward functions were evaluated on a nonlinear
bicycle model, the weighted reward function was superior to the reward func-
tion that only considered the lean angle error. However, the controller is only
evaluated in simulation, so its behavior in a real-world setting remains unclear.
Experimental evaluation of DDPG was considered in the work of Tuyen and
Chung [72], using a LEGO bicycle, but the hardware’s limited computational
power was found to be insufficient for running the control algorithm effectively.
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Another DRL algorithm is proposed for stabilizing a Whipple model of a bi-
cycle and tracking a predefined path [73]. While the bicycle is balanced at
varying velocities, it requires time-consuming training and lacks experimental
validation.

Beyond purely learning-based schemes, several recent works combine RL
with more traditional control methods. Guo et al. [75] propose a hybrid con-
troller for a self-balancing bicycle robot without trail, where an FL law is tuned
online using a synchronous actor—critic RL algorithm. Steering angle and driv-
ing velocity are treated as inputs, and the Lyapunov function is used to guaran-
tee closed-loop stability. Simulations and experiments show improved balance
performance compared to an FL controller. Sha et al. [76] introduce the Adap-
tive Residual Decision-Control Synthesis (ARDCS) framework, which pairs
an inner LQR balance controller with an outer Dynamic Proximal Policy Op-
timization (DPPO) agent that generates desired lean angles and adds steering
corrections. In extensive PyBullet simulations involving disturbance rejection,
this cascaded control design outperforms standalone LQR and pure DRL, high-
lighting the potential of RL-classical control combinations for autonomous bi-
cycle control.

Recently, direct data-driven control has emerged as an alternative approach
for model-free control. It does not require extensive repetitions as in the case
of RL. Additionally, it bypasses explicit modeling and instead derives control
policies directly from system data. For unknown LTI systems in the noise-free
case, it has been shown that these controllers coincide with the LQR and MPC
obtained using traditional control design with a known model [22, 77, 21].

Within the direct data-driven framework, DeePO has been proposed as an
adaptive, direct data-driven method that iteratively updates a feedback gain
using online input—output data [23, 78]. DeePO relies on a covariance-based
parameterization of the closed-loop system and computes policy gradients
directly from data, without explicit model identification. The algorithm uses
rank-one updates to efficiently compute the control policy. This enables
real-time policy adaptation and makes DeePO particularly appealing for
systems with slowly varying or uncertain dynamics. DeePO has been
successfully applied to grid-connected power converters subject to changing
grid conditions [24].

Another branch of direct data-driven control focuses on predictive con-
trol algorithms. In the model-based case, MPC has become a standard tool
in robotics, process industry, and autonomous vehicles [79]. DeePC transfers
the MPC idea to the model-free setting by using Hankel matrices constructed
from past input—output data to predict future trajectories and optimize a control
sequence over a receding horizon [22]. Regularized and robust variants have
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been proposed to cope with noise and uncertainty [52, 80], and DeePC has been
applied to a range of complex systems, such as power networks, quadcopters,
and walking robots [51, 26, 27]. Recent work has further extended DeePC
to LPV systems [81], nonlinear systems via Koopman operators [82, 83] or
neural parameterization [84], and nonlinear output-feedback problems using
online data selection (Select-DeePC) [85]. From an algorithmic standpoint,
dimension reduction through singular value decomposition has been used to
reduce the computational burden of DeePC [86]. Another option is to train a
deep neural network to approximate the decision vector based on the Hankel
matrices and input/output data of the system, thus removing the need to solve
an optimization problem online [87]. The interested reader is referred to the
recent review of Berberich and Allgéwer for a more detailed overview of the
current state of research on DeePC [88].

To summarize, existing work on autonomous bicycles either focuses on
model-based controllers, often with limited experimental validation, or on re-
inforcement learning and hybrid RL-classical schemes that remain largely con-
fined to simulation studies or small-scale platforms. At the same time, direct
data-driven control methods such as data-driven LQR, DeePO, and DeePC have
mostly been developed and validated for linear, fully actuated systems in other
domains, with only a few results on underactuated, nonlinear vehicles. In this
thesis, we investigate both traditional and direct data-driven control approaches
within a unified framework on an underactuated autonomous bicycle.






Chapter 4

Research Overview

In this section, the problem is formulated. Based on the problem formulation,
four research questions are defined. Next, the research method and methodol-
ogy are presented. Finally, the section concludes with a brief presentation of
the autonomous bicycle and the hardware mounted on it.

4.1 Problem Formulation

Stabilizing a riderless bicycle, solely relying on the actuation of the steering
rate, is a challenging task, especially at lower velocities, beneath the so-called
weave speed. Based on the analysis of the Eigenvalues in Figure 2.1, the weave
speed of the instrumented bicycle used in this thesis is around 3.8m/s; how-
ever, the evaluation of balance controllers is conducted at lower velocities.
Therefore, the system we aim to control is nonlinear, open-loop unstable, non-
holonomic, underactuated, and time-varying.

From the literature, it is evident that traditional control methods, such as
PID and LQR, can successfully stabilize autonomous bicycles; however, their
design relies on approximate models that are often linearized around a sin-
gle equilibrium point. When the system deviates from this equilibrium, it will
affect the control performance. Moreover, models are affected by parametric
uncertainty and external and internal disturbances such as wind, uneven ter-
rain, friction, and mechanical wear and tear, which can reduce the performance
of a model-based control design. On the other hand, direct data-driven control
methods often rely on persistently excited data. Directly applying a persistently
excited input to the steering actuation may jeopardize the stabilization of the
system, as if the bicycle leans to the right and is steered to the left, it will lose
balance and fall over. Furthermore, direct data-driven control design often as-
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sumes LTI systems; thus, the inherent nonlinear system poses challenges for
direct data-driven control approaches.

Moreover, an autonomous bicycle should not only be able to balance but
also track a reference trajectory. Trajectory tracking introduces additional
challenges, as the system must simultaneously maintain stability and
follow a desired trajectory while compensating for disturbances. Given the
non-holonomic constraint, time-varying dynamics, and underactuated nature
of a bicycle, achieving precise tracking requires careful coordination of
steering and velocity inputs to regulate both lean angle and heading. As
the velocity varies, the remaining dynamics of the system will vary; thus,
it is important that a stabilizing controller can adapt to system changes. To
evaluate the different control methods, a previously designed instrumented
bicycle is utilized [89, 63]. However, before experiments are conducted, it
is important to evaluate the approaches in realistic simulations. Finally, to
simplify the integration of direct data-driven control methods and simplify the
design, several hardware components need to be updated on the experimental
platform.

Based on the problem formulation, the following research questions (RQ) are
defined:

RQ 1. How do traditional and direct data-driven control methods compare

in terms of balancing an autonomous bicycle and tracking a reference
lean angle at constant forward velocity?
The first question aims to evaluate the performance of both traditional
control methods and direct data-driven control methods in stabilizing
an autonomous bicycle. Understanding their respective strengths and
limitations, particularly in terms of balance control and reference track-
ing, is crucial for understanding how they can be combined.

RQ 2. How can persistent excitation for direct data-driven controllers
be achieved in open-loop unstable systems without compromising
closed-loop stability and performance?

The second research question investigates the problem of applying
persistently exciting input signals in direct data-driven control design
and the requirement to maintain stable closed-loop behavior. Many
direct data-driven methods rely on probing signals to guarantee
sufficient excitation of the system, but in open-loop unstable systems,
such inputs can drive the state far from the desired operating point.
For an autonomous bicycle, for instance, a badly timed steering
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excitation may amplify a lean in the wrong direction and cause the
bike to fall.

RQ 3. How can model-based control design and direct data-driven control

design be unified to improve stabilization of an autonomous bicycle at
low speeds?
Since traditional control methods rely on simplified models that may
not fully capture system dynamics, and data-driven methods often re-
quire persistently excited data and are often designed for LTI systems,
the third research question aims to investigate how direct data-driven
control methods can be combined with model-based control design for
enhancing the performance of the controller for nonlinear unstable sys-
tems.

RQ 4. How do direct data-driven trajectory tracking controllers compare to
model-based trajectory tracking controllers in terms of tracking a ref-
erence trajectory in simulation? The fourth and final research question
addresses the challenge of trajectory tracking for an autonomous bicy-
cle. More specifically, it aims to investigate how model-based trajec-
tory tracking control design can be replaced with a direct data-driven
approach for realizing trajectory tracking.

4.2 Research Method

In this thesis, an iterative research approach is used. The methodology is illus-
trated in Figure 4.1. First, a research problem is identified, and relevant litera-
ture is reviewed. Depending on the findings of the literature review, the research
problem may be reformulated. Based on the knowledge gained from the litera-
ture review, a solution to the problem is proposed. Next, the solution is imple-
mented in Matlab for evaluation in simulation, where a detailed CAD model,
designed in SolidWorks !, is imported to either Adams ? (Paper A and Paper
B) or Simscape  (Paper C, D, F), and controlled through Simulink #. If the re-
sults obtained from simulations are successful, the proposed controller may be
evaluated in experiments, where it is implemented in LabVIEW > (Paper A) or

'https://www.solidworks.com/

Zhttps://hexagon.com/products/product-groups/computer-aided-engineering-
software/adams

3https://se.mathworks.com/products/simscape.html

“https://se. mathworks.com/products/simulink.html

Shttps://www.ni.com/sv-se/shop/labview.html
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Figure 4.1: Research methodology used in the thesis.

ROS2 © (Paper D). The balance control framework in Paper C has been partly
evaluated in experiments using LabVIEW [90]. Moreover, the trajectory track-
ing controllers implemented in Paper B and Paper F have only been evaluated
in simulations due to the time-consuming and complex task of assessing them
in experiments, and also the problem of how to establish ground truth data of
the current pose of the bicycle. In both experiments and simulations, a quan-
titative analysis is performed on the collected data. In Paper E, the proposed
approach is evaluated on a simple open-loop stable and controllable LTT sys-
tem, as the main focus of this paper is on the improvements of DeePO, which
are yet to be evaluated on the use case of the autonomous bicycle.

®https://docs.ros.org/en/humble/index.htmls
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4.3 Experimental platform

In experiments, a regular-sized male model of an electric bicycle is utilized.
The original battery and rear wheel Bafang motor, controlled through a Phoenix
Edge HV 60 AMP Electronic Speed Controller (ESC), are used to drive the
bicycle forward. A Hall sensor is used to measure the time intervals between
12 evenly distributed magnets on the rear wheel to estimate the speed of the
bicycle. To measure the lean angle and lean rate of the bicycle, a VN-100
is utilized in Paper A, and later, replaced with an MTi-7 in Paper D. The
main difference between the two sensors is that MTi-7 also offers GNSS data,
which can be used in future work for localization of the bicycle, which is a
prerequisite for experimental evaluation of the trajectory tracking controllers
in Paper B and Paper F. In Paper A, the steering axis is controlled through
a DCX32L Maxon motor together with a gear hub and encoder for sensing
the position of the handlebar with respect to the mainframe, and the motor is
controlled through a Junus motor controller. The Maxon motor and the Junus
motor controller are replaced with a Dynamixel XH540-W270-T servo in paper
Paper D due to the limitation of access to the Maxon motor, and the lightweight
design of the Dynamixel. No additional motor controller is needed when using
the Dynamixel servo. Finally, in Paper A, a National Instruments roboRIO
is used as the main processing unit, and it consists of a Field Programmable
Gate Array (FPGA) target and a real-time target. The code on both the real-
time target and the FPGA is written in LabVIEW. The roboRIO is replaced
with a Raspberry Pi 4b in Paper D, which simplifies the implementation of the
control algorithms and enables the use of the ROS 2 framework on the bicycle.
Figure 4.2 shows the instrumented bicycle with the hardware used in Paper D.
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Hardware
(1) RC receiver (5)  Bafang RM G040.250.DC
@ Raspberry Pi 4b @ Xsens MTi-7
@ ESC @ Batteries
@ Hall sensor Dynamixel XH540-W270-T

Figure 4.2: Instrumented bicycle used in the experiments in Paper D. In Paper A,
the same bicycle was used, but with some differences in the hardware setup.
Original photo: Henrik Falk



Chapter 5

Thesis Contributions

In this thesis, four main contributions are identified. The first contribution (C1)
is a systematic quantitative comparison of traditional model-based controllers
(PID, LQR, fuzzy, FL) and direct data-driven controllers, including the nonlin-
ear design of De Persis et al. [21] and the DeePO algorithm [23], for balanc-
ing an autonomous bicycle at constant forward velocity. The second contribu-
tion (C2) develops and experimentally validates a unified control framework in
which a model-based FL controller is combined in series with direct data-driven
controllers, enabling safe data generation and improved balance performance
on a nonlinear, open-loop unstable system. The third contribution (C3) is an
in-depth experimental and algorithmic study of DeePO, from its first real-world
implementation on the instrumented bicycle to several refinements that address
probing, forgetting, and adaptation mechanisms. The fourth and final contri-
bution (C4) concerns trajectory tracking, where a model-based PID-MPC cas-
cade controller is compared with a data-driven FL-DeePO-DeePC architecture
for tracking trajectories with the autonomous bicycle. A mapping between the
research questions (RQ1-RQ4), the contributions (C1-C4), and Papers A-F
is given in Table 5.1.

5.1 Research Contribution

C1 - The first contribution is a comparative quantitative analysis of several con-
trol methods for balancing an autonomous bicycle using the simple principle
of steering in the direction of the fall. In Paper A, two PID controllers, using
different tuning procedures, an LQR controller, and a fuzzy controller are de-
signed and evaluated. The PID and LQR controllers are based on a linearization
of the point-mass model proposed by Getz [33] around the upright equilibrium,
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Table 5.1: Mapping between research questions, contributions, and included papers.

RQ2 RQ3 RQ4

RQI1
ct [a)lc]/p]
@ [l |db] [dbF
c3 pelR [
c4

while the fuzzy controller is inspired by Abdolmalaki [91]. The controllers are
first assessed in simulation, using both the linearized model and a nonlinear
multibody model designed in SolidWorks and imported into Adams, see Fig-
ure 5.1(a). The Integrated Squared Error (ISE) of the lean angle,

t

ISE, = 3 (¢ - 0a,)’ (5.1)
i=0

is used as a performance metric, together with disturbance rejection and, in ex-
periments, execution time on the embedded platform. Subsequently, the con-
trollers are implemented on the embedded hardware, and experiments are per-
formed with the autonomous bicycle riding on a narrow bicycle roller. The
comparative study shows that all controllers are capable of balancing the bicy-
cle, but that the PID and LQR controllers provide the best trade-off between
performance, robustness, and computational cost. Experimental results from
these roller experiments are shown in Figure 5.2(a).

Building on these results, Papers C and D extend the comparison to include
nonlinear model-based and direct data-driven control methods. In both papers,
a Single-Input Multiple-Output (SIMO) FL controller is proposed, based on a
simplified nonlinear bicycle model inspired by Yi et al. [38]. The FL controller
regulates the steering rate to balance the bicycle and track a desired lean angle
and lean rate. To evaluate these controllers, the detailed SolidWorks model
of the autonomous bicycle is imported into Simscape, which provides a high-
fidelity multibody simulation environment with performance improvements in
terms of simulation time compared to the Adams co-simulation used in Paper
A. Figure 5.1 illustrates the multibody models used in the comparative studies.
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(a) Adams multibody model (b) Simscape multibody model

Figure 5.1: The Adams and Simscape multibody bicycle models used in simulation.

In Paper C, a direct data-driven state-feedback controller for nonlinear sys-
tems, based on the method by De Persis and Tesi [21], is first applied directly
to the autonomous bicycle using data collected from the unstable system. This
purely data-driven approach is shown to be highly sensitive to the amount of
data used for the control design and to several design parameters, making its
behavior difficult to predict and its tuning challenging. In particular, obtaining
persistently exciting input signals while simultaneously maintaining balance
proves non-trivial. These challenges are also highlighted in the experimental
evaluation of the direct data-driven controller in the master thesis of Ronnmark
and Landré [90]. Motivated by these observations, Paper C proposes a unified
control structure in which the FL controller is combined in series with the data-
driven controller; this architecture is further developed in C2. Paper D further
extends this comparative analysis by replacing the static outer-loop controller
in Paper C with the DeePO algorithm [23], resulting in an adaptive unified
FL-DeePO framework. The FL and FL-DeePO controllers are compared in
both Simscape simulations and hardware experiments on the autonomous bi-
cycle. Using the ISE of the lean angle and lean rate as performance metrics,
the results show that the unified FL-DeePO controller consistently improves
tracking performance compared to FL alone, while maintaining actuation con-
straints and coping with measurement noise and unmodeled dynamics. An il-
lustrative comparison between FL. and FL-DeePO in the experiment is shown
in Figure 5.2(b) tracking a time-varying reference lean angle.

Taken together, Papers A, C, and D constitute C1, a systematic quanti-
tative comparison of classical linear controllers (PID, LQR, fuzzy), nonlinear
model-based FL, and direct data-driven controllers, both static and adaptive, for
balancing an autonomous bicycle through steering actuation, evaluated across
linearized models, multibody simulations, and real-world experiments.
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(a) Classical model-based controllers on the roller (Paper A), the gray area indicates that
the bicycle had gotten out of bounds on the narrow roller, and the experiment was aborted.

Lean angle (@)

—¢ |— FL-DeePO g

0 2 4 6 8 10
Time [s]

(b) FL vs FL-DeePO on flat ground tracking a time-varying reference (Paper D).

Figure 5.2: Experimental results underlying C1, C2, and C3. Note that the two sub-
figures correspond to different experimental setups and are not meant as a direct quan-
titative comparison.

C2 —The second contribution addresses the gap between traditional model-
based controllers and direct data-driven control methods for balancing an open-
loop unstable, nonlinear system. Based on the insights from C1 and the limita-
tions of using a purely direct data-driven controller, a unified control framework
is proposed in which a model-based FL controller is combined in series with
a direct data-driven controller. The key idea is to use FL as an inner loop that
stabilizes and partially linearizes the bicycle dynamics, while an outer-loop
data-driven controller operates on the FL-stabilized system.

In Paper C, this framework is utilized with the static nonlinear
state-feedback design of De Persis and Tesi [21]. Data are collected from the
autonomous bicycle while the FL controller stabilizes it, and the resulting
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Figure 5.3: Experimental setup in Paper A where an autonomous bicycle is riding on
a bicycle roller.
Photo: Niklas Persson

FL-bicycle combination is treated as a new black-box system for the direct
data-driven design. This approach resolves several practical challenges
identified in C1. It enables the use of persistently exciting steering inputs
while balance is maintained, it reduces the impact of model inaccuracies
by delegating the fine-tuning of performance to the data-driven layer, and
makes the closed-loop behavior significantly more predictable than for the
purely data-driven controller. Simulations in Simscape show that the unified
FL and data-driven controller yields lower ISE, and improved robustness to
parameter variations compared to both FL alone and the direct data-driven
controller applied directly to the physical system.

Paper D extends this unified framework by replacing the static outer-loop
data-driven controller with the adaptive DeePO algorithm [23]. In this FL—
DeePO architecture, the FL inner loop again stabilizes the system, while DeePO
iteratively updates the feedback gains based solely on measured input and out-
put data from the system. The combined controller is evaluated both in high-
fidelity Simscape simulations and in experiments on the instrumented bicycle.
The results demonstrate that the FL-DeePO framework can improve tracking
of lean angle and lean rate compared to FL alone, while respecting actuator
limits and coping with measurement noise, unmodeled dynamics, and time-
varying parameters. This provides one of the first experimental demonstrations
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of a direct data-driven controller for a nonlinear, non-holonomic, underactuated
system, enhancing the performance of a model-based controller.

Finally, Paper F generalizes the SIMO unified framework to a MIMO set-
ting, in which both the steering rate and the forward velocity are controlled.
The MIMO FL controller is designed as the inner loop, and the unified FL-
DeePO structure is extended to this higher-dimensional case. The study shows
that the proposed architecture scales beyond single-input balance control and
can handle simultaneous regulation of balance and speed, while preserving the
safety and performance benefits observed in the SIMO case.

Taken together, Papers C, D, and F constitute C2, the development and ex-
perimental validation of a unified FL and data-driven control framework that
enables safe generation of persistently exciting data in an unstable system and
leverages model-based design for stabilization and data-driven methods for per-
formance enhancement.

C3 — The third contribution is an investigation of the DeePO algorithm
from both an experimental and an algorithmic perspective. In Paper D, we
report, to the best of our knowledge, the first real-world implementation of
DeePO, embedded on a Raspberry Pi and deployed on the autonomous bicycle
within the unified FL-DeePO framework. The controller balances the bicycle
on flat ground while tracking desired lean angle and lean rate signals, and the
experiments quantify the performance gain over FL alone in terms of the ISE
of the lean states and actuator effort. To cope with nonlinear and time-varying
dynamics, a forgetting factor is incorporated in the DeePO update, and its influ-
ence on convergence and robustness is analysed. Moreover, the update period
of the DeePO policy is systematically varied, showing that infrequent gain up-
dates can preserve or even improve performance compared to updating at every
sampling instant, which is important for computational load and implementa-
tion robustness. The experiments are conducted in an indoor warehouse with a
flat concrete floor, see Figure 5.4.

In Paper E, we move to a controlled LTI setting to analyse fundamental
limitations of DeePO related to probing noise and persistency of excitation. It
is shown that the probing noise conventionally added to ensure rich data can
induce undesirable state perturbations. To address this, a Perturbation-Free
DeePO (PFDeePO) variant is proposed, which combines an update-freezing
mechanism when the state is close to equilibrium with a small input-scaling ex-
citation applied to the control signal. Simulations demonstrate that PFDeePO
preserves the rank condition on the data while eliminating steady-state oscilla-
tions and maintaining or improving closed-loop performance. This study clari-
fies how probing strategies and adaptation rules affect the behaviour of DeePO
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Figure 5.4: The instrumented bicycle controlled through a unified control framework
consisting of FL and DeePO.
Photo: Henrik Falk

and informs the design choices used in the bicycle experiments.

Finally, in Paper F, DeePO is embedded as the adaptive inner-loop compo-
nent of a cascaded FL-DeePO-DeePC architecture for simultaneous balance
and trajectory tracking of the multibody bicycle model in Simscape. From
the perspective of C3, the focus is on how DeePO behaves in this higher-
dimensional MIMO setting, where both steering rate and forward accelera-
tion are controlled, and how its adaptation interacts with the outer-loop data-
enabled predictive controller. Practical modifications such as normalization of
the DeePO data and a slightly revised formulation of the forgetting factor com-
pared to Paper D are introduced and evaluated, and their impact on closed-loop
performance is analysed. These results show that DeePO can be deployed as
an adaptive enhancement of a model-based FL controller even when embedded
in a more complex cascaded architecture.

In conclusion, Papers D, E, and F constitute C3, a comprehensive exper-
imental and simulation-based assessment of DeePO, from its first real-world
implementation and algorithmic refinements to its role as an adaptive com-
ponent in unified model-based and direct data-driven control architectures for
autonomous bicycle control.

C4 - The fourth contribution concerns trajectory tracking for an
autonomous bicycle. In Paper B, a model-based cascaded control framework
is proposed in which a robust PID controller in the inner loop balances the
bicycle by regulating the steering rate, while an MPC in the outer loop
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generates a desired lean angle and tracks a given trajectory. The Yi et
al. [38] model is used for control design, and the full scheme is evaluated
in high-fidelity co-simulations between Adams and Simulink, including
measurement noise on the lean angle and disturbances on the steering input.
The autonomous bicycle is shown to successfully follow two challenging
reference trajectories, including a go-kart track, over a range of velocities.
The path tracking performance is quantified using the mean squared error and
the Hausdorff distance [92] between the bicycle trajectory and the reference,
demonstrating that tight curves can be negotiated at comparatively high
speeds when a carefully tuned PID-MPC cascade is employed.

Building on this model-based benchmark, Paper F investigates trajectory
tracking in a data-driven setting. A cascaded FL-DeePO-DeePC architecture is
proposed in which a MIMO FL controller stabilizes the lean angle and forward
velocity, DeePO adaptively refines the FL feedback gains using closed-loop
data from the bicycle, and DeePC in the outer loop computes reference trajec-
tories for the FL-DeePO inner loop based solely on noisy input—output data.
To enhance adaptability to nonlinear and time-varying dynamics, a forgetting-
factor scheme is incorporated into DeePO, and regularization is introduced in
DeePC together with a terminal constraint to improve numerical conditioning
and closed-loop stability. The FL-DeePO-DeePC cascade control approach is
validated in high-fidelity Simscape simulations, where its trajectory tracking
performance is compared to the PID-MPC framework from Paper B. While
the model-based controller achieves a smaller Hausdorff distance to the refer-
ence path, as seen in Figure 5.5, the data-driven scheme remains stable and
feasible across a range of horizon and tuning parameters. It requires no explicit
dynamic model of the bicycle.

Taken together, Papers B and F constitute C4: a comprehensive study
of trajectory tracking for an autonomous bicycle, contrasting a model-based
PID-MPC architecture with a fully data-driven FL-DeePO-DeePC cascade.
This contribution quantifies the trade-offs between model-based and direct
data-driven approaches in terms of tracking accuracy, robustness, and
modelling effort, and demonstrates that full trajectory tracking can be achieved
using only measured input—output data when an appropriate cascaded
structure is adopted.

5.2 Overview of included papers

In this section, the six papers (A-F) are summarized, and how they relate to the
contributions are given. Moreover, my personal contribution is highlighted for
each paper.
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Figure 5.5: Results of FL-DeePC-DeePO (blue) and PID-MPC (green) tracking a
reference trajectory (red).

5.2.1 Paper A

Title: A Comparative Analysis and Design of Controllers for Autonomous
Bicycles

Authors: Niklas Persson, Tom Andersson, Anas Fattouh, Martin C. Ekstrom,
Alessandro V. Papadopoulos.

Status: Published in European Control Conference (ECC), 2021

Abstract: In this paper, we develop and compare the performance of different
controllers for balancing an autonomous bicycle. The evaluation is carried
out both in simulation, using two different models, and experimentally,
on a bicycle instrumented with only lightweight components, and leaving
the bicycle structure practically unchanged. Two PID controllers, a Linear
Quadratic Regulator (LQR), and a fuzzy controller are developed and
evaluated in simulations where both noise and disturbances are induced
in the models. The simulation shows that the LQR controller has the best
performance in the simulation scenarios. Experimental results, on the
other hand, show that the PID controllers provide better performance when
balancing the instrumented bicycle.

Paper contributions This paper relates to contribution C1.

Personal Contributions I was the main author of the paper, contributing
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to the simulations and writing most of the paper. The experimental results
and the idea were joint work between Tom Andersson and me. The other
co-authors contributed with feedback and improved the manuscript in
collaboration with me.

5.2.2 Paper B

Title: Trajectory tracking and stabilisation of a riderless bicycle

Authors: Niklas Persson, Martin C. Ekstrom, Mikael Ekstrom, Alessandro V.
Papadopoulos.

Status: Published in International Conference on Intelligent Transportation
Systems (ITSC), 2021

Abstract: Trajectory tracking for an autonomous bicycle is considered in this
paper. The trajectory tracking controller is designed using a Model Predictive
Controller with constraints on the lean, steer, and heading angle as well as the
position coordinates of the bicycle. The output from the trajectory tracking
controller is the desired lean angle and forward velocity. Furthermore, a PID
controller is designed to follow the desired lean angle, while maintaining
balance, by actuation of the handlebar. The proposed control strategy is
evaluated in numerous simulations where a realistic nonlinear model of the
bicycle is traversing a go-kart track and a short track with narrow curves. The
Hausdorff distance and Mean Squared Error are considered as measurements
of the performance. The results show that the bicycle successfully can track
desired trajectories at varying velocities.

Paper contributions This paper relates to contribution C4.

Personal Contributions I was the main author of the paper, contributing
to the idea, the implementation, and the simulation setup. I was the main
contributor to the manuscript, with valuable feedback and technical discussion
with the other authors.

5.2.3 Paper C

Title: Direct Data-Driven Control Design for Autonomous Bicycles
Authors: Niklas Persson, Mojtaba Kaheni, Alessandro V. Papadopoulos.
Status: Published in International Conference on Automation Science and
Engineering (CASE), 2024

Abstract: In this work, we address the problem of balancing an autonomous
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bicycle using direct data-driven control. Firstly, we demonstrate that a
direct implementation of data-driven approaches may not guarantee reliable
performance, and is highly dependent on how the parameters are selected. To
address this issue, we make the reasonable assumption that we have access
to some inaccurate information about the system. We use this inaccurate
information to design a feedback linearization, based on a simplified
point mass model of the bicycle, which does not accurately represent the
dynamics of the system. Next, we suggest an inner and outer-loop control
strategy. In the inner loop, we implement the aforementioned feedback
linearization controller. Subsequently, in the outer loop, we consider the
combination of the autonomous bicycle and the feedback controller as a
black box, and we design a direct data-driven controller from acquired data.
We use a SolidWorks model of a real autonomous bicycle to evaluate the
performance of our proposed control approach and to compare it with the
direct data-driven controller design derived from acquired data of the bicycle
without feedback linearization. The results show that our proposed strategy
significantly improves the performance and makes the data-driven control
approach more reliable across a broader range of parameter choices compared
to a data-driven controller designed based on data from the system without
feedback linearization. Finally, we show that introducing an additional
integral-like state further enhances the system’s performance.

Paper contributions This paper relates to contribution C1 and C2.

Personal Contributions I was the main drive of the implementation,
simulation environment and contributed to the idea together with the other
authors. The manuscript was written in joint work with Mojtaba, with
valuable feedback and technical discussions with Alessandro.

5.2.4 Paper D

Title: An Adaptive Data-Enabled Policy Optimization Approach for
Autonomous Bicycle Control

Authors: Niklas Persson, Feiran Zhao, Mojtaba Kaheni, Florian Dérfler,
Alessandro V. Papadopoulos.

Status: Submitted to Transaction on Control System Technology, Feb. 2025
Abstract: This paper presents a unified control framework that integrates a
Feedback Linearization (FL) controller in the inner loop with an adaptive
Data-Enabled Policy Optimization (DeePO) controller in the outer loop
to balance an autonomous bicycle. While the FL controller stabilizes
and partially linearizes the inherently unstable and nonlinear system, its



42 5.2. Overview of included papers

performance is compromised by unmodeled dynamics and time-varying
characteristics. To overcome these limitations, the DeePO controller is
introduced to enhance adaptability and robustness. The initial control policy
of DeePO is obtained from a finite set of offline, persistently exciting input
and state data. To improve stability and compensate for system nonlinearities
and disturbances, a robustness-promoting regularizer refines the initial
policy, while the adaptive section of the DeePO framework is enhanced
with a forgetting factor to improve adaptation to time-varying dynamics.
The proposed DeePO+FL approach is evaluated through simulations and
real-world experiments on an instrumented autonomous bicycle. Results
demonstrate its superiority over the FL-only approach, achieving more precise
tracking of the reference lean angle and lean rate.

Paper contributions This paper relates to contribution C1, C2 and C3.
Personal Contributions I implemented the algorithm in simulations and
on the embedded system on the bicycle, and conducted all experiments and
simulations. Feiran provided the idea of DeePO and provided technical details
of the algorithm. The manuscript was a joint work between the authors, where
Mojtaba and I were the main drivers.

5.2.5 Paper E

Title: A Modified Adaptive Data-Enabled Policy Optimization Control to
Resolve State Perturbations

Authors: Mojtaba Kaheni, Niklas Persson, Vittorio De Iuliis, Costanzo
Manes, Alessandro V. Papadopoulos.

Status: Accepted to Conference on Decision and Control (CDC), 2025
Abstract: This paper proposes modifications to the data-enabled policy
optimization (DeePO) algorithm to mitigate state perturbations. DeePO
is an adaptive, data-driven approach designed to iteratively compute a
feedback gain equivalent to the certainty-equivalence LQR gain. Like other
data-driven approaches based on Willems’ fundamental lemma, DeePO
requires persistently exciting input signals. However, linear state-feedback
gains from LQR designs cannot inherently produce such inputs. To address
this, probing noise is conventionally added to the control signal to ensure
persistent excitation. However, the added noise may induce undesirable state
perturbations. We first identify two key issues that jeopardize the desired
performance of DeePO when probing noise is not added: the convergence of
states to the equilibrium point, and the convergence of the controller to its
optimal value. To address these challenges without relying on probing noise,
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we propose Perturbation-Free DeePO (PFDeePO) built on two fundamental
principles. First, the algorithm pauses the control gain updating in DeePO
process when system states are near the equilibrium point. Second, it
applies a multiplicative noise, scaled by a mean value of 1 as a gain for the
control signal, when the controller converges. This approach minimizes
the impact of noise as the system approaches equilibrium while preserving
stability. We demonstrate the effectiveness of PFDeePO through simulations,
showcasing its ability to eliminate state perturbations while maintaining
system performance and stability.

Paper contributions This paper relates to contribution C3.

Personal Contributions I contributed with the simulation and assisted in
writing the manuscript.

5.2.6 Paper F

Title: Direct Data-Driven Trajectory Tracking and Stabilization of an
Autonomous Bicycle

Authors: Niklas Persson, Mojtaba Kaheni, Alessandro V. Papadopoulos.
Status: Submitted to European Control Conference (ECC), 2026

Abstract: The control of autonomous riderless bicycles remains a challenging
problem in nonlinear control research. Traditional model-based controllers,
such as Feedback Linearization (FL), can achieve stabilization but rely on
simplified dynamic models that may not capture unmodeled or time-varying
effects. Recent data-driven control methods, including Data-enabled
Predictive Control (DeePC) and Data-enabled Policy Optimization (DeePO),
allow closed-loop optimal control directly from measured input-output data,
bypassing explicit system identification. This paper presents a cascaded
control architecture that integrates FL, DeePO, and DeePC for simultaneous
stabilization, velocity regulation, and trajectory tracking of an autonomous
bicycle. First, a multi-input-multi-output (MIMO) FL controller is derived
to regulate the lean angle and forward velocity. Then, DeePO is employed
to adaptively enhance the FL control law using closed-loop data generated
under persistently exciting inputs. As a supplementary contribution, a
new forgetting-factor integration scheme was introduced into the standard
DeePO algorithm to enhance its performance under nonlinear dynamics
and time-varying system parameters. Finally, DeePC operates in the
outer control loop, generating reference trajectories for the FL+DeePO
controller via regularized data-driven optimization. The proposed cascaded
FL-DeePO-DeePC approach is validated through high-fidelity simulations in
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Simscape.

Paper contributions This paper relates to contribution C2, C3, and C4.
Personal Contributions I was the main driver of the implementation, idea,
simulation, and the manuscript, with valuable feedback from the other authors.
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Conclusions and Future Work

In this thesis, several traditional model-based controllers and direct data-driven
control methods are used and combined to balance an autonomous bicycle
using mainly steering actuation. The bicycle is a nonlinear, non-holonomic,
underactuated, and in general open-loop unstable system. Moreover, direct
data-driven methods assume linear time-invariant dynamics and rely on per-
sistently exciting input signals. Within this setting, four research questions
were formulated, concerning the comparison between traditional and direct
data-driven controllers (RQ1), the generation of persistently exciting data in
unstable systems (RQ2), a unified model-based and direct data-driven control
design (RQ3), and the comparison between model-based and data-driven tra-
jectory tracking (RQ4).

The first research question (RQ1) is addressed by C1 through Papers A,
C, and D. In Paper A, PID, LQR, and fuzzy controllers designed from a lin-
earized point-mass model were evaluated in both high-fidelity simulations and
roller experiments. The results showed that all considred controllers can stabi-
lize the bicycle, but that PID and LQR offer the best trade-off between balance
time, disturbance rejection, and implementation complexity. Paper C and Pa-
per D extend this comparison to FL and direct data-driven controllers. A purely
data-driven state-feedback design based on the method by De Persis and Tesi
exhibited strong sensitivity to data and tuning, whereas when unified with FL or
replaced by DeePO in an FL-DeePO architecture, the data-driven components
systematically improved performance over FL alone in both simulations and ex-
periments. In this way, C1 shows that while classical model-based controllers
remain strong baselines for balance, data-driven controllers can enhance per-
formance when deployed in a suitable structure.

The second and third research questions (RQ2 and RQ3) focused on how to
achieve persistent excitation for direct data-driven controllers in an open-loop
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unstable system without compromising stability and how model-based and di-
rect data-driven design can be unified to improve stabilization at low speeds.
These questions are answered jointly by C2 and C3, mainly through Papers C,
D, E, and F. The key idea in C2 is to use FL as an inner loop that stabilizes and
partially linearizes the bicycle, and then treat the combination of bicycle and FL
as a new black-box system for the outer-loop data-driven controller. This uni-
fied framework allows persistently exciting steering inputs to be applied while
balance is maintained and transfers the burden of detailed performance tuning
from the model-based design to the data-driven layer. Paper C demonstrated
in simulation that this FL.—data-driven scheme yields lower lean-angle ISE and
more predictable behaviour than both FL alone and a purely data-driven con-
troller. Paper D showed experimentally that an FL—DeePO controller fur-
ther improves tracking of lean angle and lean rate on flat ground compared
to FL alone, and Paper F generalized the unified framework to a MIMO set-
ting, simultaneously regulating steering rate and forward velocity. From an
algorithmic perspective, Paper E complemented these results by introducing
PFDeePO in an LTI setting, which clarifies how probing noise, forgetting fac-
tors, and update-freezing mechanisms can be designed to maintain persistent
excitation while avoiding excessive state perturbations.

The fourth research question (RQ4) addressed trajectory tracking and asked
how direct data-driven trajectory tracking controllers compare to model-based
controllers in terms of tracking a reference trajectory in simulation. This is the
focus of C4, based on Papers B and F. In Paper B, a cascaded PID-MPC ar-
chitecture was proposed, and Paper F introduced a fully data-driven alternative
in which a MIMO FL controller and DeePO stabilize and regulate the bicycle,
while DeePC in the outer loop computes control actions directly from mea-
sured input—output data. Although the PID-MPC controller achieved a shorter
Hausdorff distance, the data-driven cascade remained stable and feasible over a
range of tuning parameters and avoided the modelling effort required for MPC.
Hence, C4 shows that full trajectory tracking of an autonomous bicycle can be
realized using only measured data, at the cost of a reduction in tracking accu-
racy compared to a carefully tuned model-based controller.

6.1 Future Work

The PID-MPC and FL-DeePO-DeePC frameworks have been evaluated in
high-fidelity simulations; however, they are yet to be evaluated on the instru-
mented bicycle. In future work, the GNSS of the MTi-7 sensor, together with
wheel odometry, can be used to estimate the pose and enable experimental
trajectory tracking. A second direction concerns the further integration of
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the PFDeePO ideas into the bicycle experiments. The modifications proposed
in Paper E have so far been studied only in LTI simulations. Implementing
PFDeePO on the bicycle and combining it with the unified FL-DeePO frame-
work would be interesting to investigate in the future.
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Abstract

In this paper, we develop and compare the performance of different controllers
for balancing an autonomous bicycle. The evaluation is carried out both in
simulation, using two different models, and experimentally, on a bicycle in-
strumented with only lightweight components, and leaving the bicycle struc-
ture practically unchanged. Two PID controllers, a Linear Quadratic Regulator
(LQR), and a fuzzy controller are developed and evaluated in simulations where
both noise and disturbances are induced in the models. The simulation shows
that the LQR controller has the best performance in the simulation scenarios.
Experimental results, on the other hand, show that the PID controllers provide
better performance when balancing the instrumented bicycle.
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7.1 Introduction

Modern vehicles, equipped with sensors for mapping the surrounding environ-
ment and to detect and classify other road users struggle when it comes to detec-
tion of bicycles [1]. When the vehicle’s autonomous emergency braking system
is tested by the car safety performance assessment program, EuroNCAP, a bi-
cycle with a dummy on top is placed on a moving platform!. The platform then
moves in a straight line in front or beside the vehicle being tested. A riderless
bicycle which is design to have a minimal impact on its resemblance and can
manoeuvre realistically would improve the testing environment for autonomous
vehicles.

The control of a bicycle motion is an interesting research problem, that has
been investigated for decades [2], with several different variants [3]. Its config-
uration with two inline wheels makes the bicycle a statically unstable system,
making the control of the bicycle dynamics a very interesting control problem
at low speeds [3]. A cyclist uses a combination of regulation on the forward
speed, the steering angle, and the lean angle to balance the bicycle. A simi-
lar approach can also be used to control a driverless bicycle [3, 4]. However,
direct control of the lean angle requires a flywheel, an inverted pendulum or
something similar to be mounted on a bicycle and will, therefore, alter the ap-
pearance of the bicycle to a large degree, as well its usability.

Different control approaches have been proposed in the literature to design
an autonomous bicycle, ranging from model-free to model-based [5, 2], from
control-theoretic to machine learning [6, 7]. Several such approaches are eval-
uated in simulation, and the results strictly depend on the level of accuracy of
the bicycle model. Furthermore, aspects like the computational complexity,
the execution time, and implementation issues are hardly discussed.

As a first step to develop a riderless bicycle which can be used for testing of
autonomous vehicles safety systems, several control strategies which are com-
monly used in literature for controlling bicycles are investigated and compared
in this paper. The controllers are evaluated both in simulation, and on an in-
strumented bicycle running on a bicycle roller, to understand what is the more
effective approach. Their performance is assessed both in terms of the ability
of balancing the bicycle, and in terms of their execution time on the embedded
control platform. In particular, three main control strategies are designed and
compared: (i) a Proportional Integral Derivative (PID) controller, (ii) a Linear
Quadratic Regulator (LQR), and (iii) a fuzzy controller.

"https://www.euroncap.com/en/vehicle-safety/the-ratings-explained/
vulnerable-road-user-vru-protection/aeb-cyclist/
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7.2 Related Work

In the past, several researchers focused on the design of suitable bicycle dy-
namic models. The Whipple model [8] is often utilised such as in the work
by Baquero-Suéarez et al. [6] and Mejiard et al. [9]. The main drawback of the
Whipple model is that it uses steering and lean torque as control variables which
may be difficult to realise on a real autonomous bicycle. Moreover, the instru-
mented bicycle used in this paper has no direct regulation of the lean angle. An-
other commonly used bicycle model is the point-mass model, also known as the
inverted pendulum model. For example, Sharma et al. [10] utilised the point-
mass model to produce a fuzzy controller for stabilising a bicycle. Hauser et
al. [11] used the point-mass model to investigate trajectory tracking for a mo-
torcycle. The point-mass model only has angular inputs and outputs, thus elim-
inating the problems of dealing with torques. Both the point-mass model and
the Whipple model can be used for the control design, thanks to their simplic-
ity. However, more accurate models are needed to validate the control design
in simulation before going to the implementation on the real bicycle. In this
paper, we model the bicycle using Adams?, a multibody dynamics software,
and a linear model based on the point mass model.

Numerous control structures have been proposed to balance an autonomous
bicycle. Tan et al. [5] developed a reinforcement learning approach to teach
a humanoid to balance a bicycle in simulation. Shafiekhani et al. [7] devel-
oped adaptive critic-based neuro-fuzzy controller to solve the same problem.
However, Meehan and Ruina [12] highlights that the complexity of designing
complex nonlinear controllers for balancing a bicycle is often not worth the
small performance benefits with respect to simpler control strategies. In [12],
an LQR is compared with an dynamic programming optimal controller and the
results shows that the two controllers have almost identical basin of attraction
under reasonable constrained steer angles and rates.

In the work of Garcia et al. [13], an autonomous bicycle is modelled and
evaluated in several different scenarios, including starting from a stationary
conditions. Thanks to an innovative design for a flywheel mounted on the bicy-
cle together with steering control, the bicycle managed to balance in a forward
speed range between 0—6m/s. To control the flywheel, an LQR controller is
designed and to control the steering torque an intuitive controller [14] is used.
Though, the 7.5kg flywheel peaks at around 500rpm which would consume
a lot of energy. Furthermore, according to He et al. [15], methods involving
direct regulation of the lean angle usually struggle when it comes to the bal-
ance of regular size bicycles, where the weight and velocity are often increased

’https://www.mscsoftware.com/it/product/adams
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compared to a small bicycle.

Alternatively, regulation of the steering angle can be used to stabilise the
bicycle. Such an approach was used in the work of Tanaka and Murakami [16],
where the lean angle and lean rate were used in a PD controller to compute
the desired steering acceleration. Vatanshevanopakorn and Parnichkun [17]
proposed an LQR optimised for a bicycle model coupled with the dynamics
of an electrical steering motor. The simulation results presented show that the
proposed LQR controller structure was capable of stabilising the bicycle with
an initial lean angle and steering angle other than zero. An LQR was also
utilised in the work of Anjumol and Jisha to control a second-degree bicycle
model [18]. The results obtained was compared with a posture controlled pro-
posed by Tanaka et al. [19], and concluded that the LQR performed better than
the posture controller in simulation.

In [15], three proportional gains are used in a feedforward and feedback
loop scheme to stabilise a bicycle in both simulation and experiments. The
control scheme utilises measurements of both the lean angle and the lean angle
rate to compute a desired steering angle of the handlebar. The bicycle used
in experiments is equipped with two motors, a few sensors, a battery, and a
compactRIO which serves as the main processing unit. The results of the ex-
periments are impressive, however, the bicycle is quite massive with a weight
of 52.5kg.

In this work, we conduct a comparative performance evaluation of the main
control approaches, designed for the instrumented bicycle. The way the handle-
bar is controlled depends on the motor and motor controller used, it can either
be by steering position [15], steering torque [6], or steering velocity [12]. We
control the steering position when using the PID and the fuzzy controller and
steering velocity for the LQR to understand what can be more beneficial for
future autonomous bicycles. The bicycle is designed with lightweight compo-
nents and without altering the main structure of a regular bicycle.

7.3 Modeling of instrumented bicycle

7.3.1 Experimental platform

The instrumented bicycle, illustrated in Fig. 7.1 is based on a regular-sized
electrical bicycle of a male model with the propulsion motor in the rear wheel
(#1). The 11.6Ah and 36V battery is mounted on the frame of the bicycle (#5).
In the design process of the instrumented bicycle, care has been taken into both
the size and the weight of the components to fit all extra components, such as
IMU and main processing unit, in a bicycle basket in the upcoming iteration of
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Figure 7.1: Instrumented bicycle. (#1) Propulsion motor; (#2) NI roboRIO; (#3) Mo-
tor controller; (#4) Steering motor; (#5) Battery; (#6) IMU.

the instrumented bicycle. A DCX32L Maxon motor together with a gear hub
and encoder are utilised to control the handlebar through two cogwheels with
a rubber band in between (#4). To control the steering motor a Junus motor
controller is mounted on the side of the battery (#3) where the steering velocity
(), is the input signal. Power distribution boards and the main processing unit,
a National Instruments roboRIO (#2), are attached to the centre of the bicycle
however on the opposite side of the one visualised in Fig 7.1. To measure the
speed of the bicycle, a Hall sensor is used which measures the time between
pulses of 12 evenly distributed magnets around the rear wheel (#1). To sense
the lean angle a VectorNav VN-100 IMU is used and configured to output the
lean angle and the lean rate of the bicycle (#6).

The roboRIO is equipped with both a dual-core ARM Cortex-A9CPU and

* Steerin :
r Balance | & + ring Y
position >
= controller -
controller

Motor
encoder

Figure 7.2: Control structure of the instrumented bicycle where a PD controller is
used in an inner loop to control the steering position.
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an Artix-7 FPGA and the code is written using LabVIEW?. The FPGA is used
for acquiring sensor data and actuating the motors. To actuate the steering
motor using a steering position, a PD controller is implemented on the FPGA
which takes the error between the current steering position 6 and the desired
one 6* and computes a steering velocity fed to the bicycle 6 as presented in
Fig. 7.2. The parallel structured PD controller is tuned experimentally and is
executing at 600Hz with Kp = 0.1, K = 0.04, and a filter time constant
T,=038.

The different balancing controllers are realised on the CPU and execute
at a frequency of 100Hz. The main geometrical features of the instrumented
bicycle are illustrated in Fig. 7.3 and given in Table 7.1 along with constraints
on the lean angle, lean rate, steering angle, and steering rate.

Table 7.1: Parameters of the instrumented bicycle.

Design parameters

Parameter Symbol Unit Value
CoG with respect to O (x) a [m] 0.473
CoG with respect to O (z) h [m] 0.515
Gravity g [m/s2]  9.820
Wheelbase b [m] 1.080
Mass m kel 23.720
Wheel radius r [m] 0.349
Trail c [m] 0.087
Head angle A [deg] 72.950
Constraints
Lean angle Q@ [deg] +2
Lean rate @ [deg/s] 50
Steer angle 6 [deg] +15
Steer rate 5 [deg/s] 70

7.3.2 Linear model

The point-mass model [3] describe the dynamics of the lean angle ¢ based on

the steering angle & and velocity 6 and is lineariased about the equilibrium of

zero lean and steer angle for Getz bicycle model [2]:

mv*h
b

Shttps://www.ni.com/sv-se/shop/labview.html

& — mghp = %5 + 5, (7.1)
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C

Figure 7.3: Geometrical features of a bicycle, where a and A corresponds to the mea-
sures horizontal and vertical measure of the CoG. The wheelbase is denoted by b.

where v is the forward velocity of the bicycle, and the physical parameters are
reported in Table 7.1. The model assumes zero head angle (4 = 0), constant
velocity (v), massless wheels and front fork. Instead, the total mass of the
bicycle is lumped together forming a point mass m. The transfer function from
6to@is

_ D) av STt
B A(s)_bhs2—%'

G(s) (7.2)

However, as G(s) does not model friction or dynamics of the steering setup
including the steering position controller, G(s) is put in series with another
transfer function, H(s). To obtain H (s), a step response is recorded from the
instrumented bicycle, see Fig. 7.4.A, and matched with a Second-Order Plus

Dead Time (SOPDT) transfer function

2
Heo Ao @

COARs)  s2+20w,s + wge
where { = 0.6, w,, = 33.9, and the time delay, d = 0.015. During the step
response, the bicycle is held in an upright position with both wheels on the
ground and the handlebar pointing forward. The input to H(s) is the desired
steering angle, 6* and the output of H(s) is the actual steering angle 6. The
complete model, from 6* to @, is obtained as P(s) = H (s)G(s) and is discretize
using the zero-order hold method and a sample time 7, = 0.01 seconds.

) (7.3)

For control strategies, such as LQR, the point-mass model given in (7.1) is



Paper A 67
—— Reference —— Actual response —— Matched response

3 [ Y~ - 9 [
g E;
—15F 1S.45
o A e

O 1 0 1

0 0.2 04 0 0.1
Time [s] Time [s]

Figure 7.4: Step response matching of the steering system configured for steering
position (A), and steering velocity (B). The matched responses are used in simulation
to model the steering system including the motor and friction.

utilised in its state-space representation, with:

0 1 0 0
v? _|_a
00 O 1 (7.4)

1 00 0]
Cl‘[o 0 1]’ Dl‘[O’

where, the state vector consists of X; = [@, @, 5]T. Note that the input, u; = 5
represents the steering velocity, instead of the desired steering position which
is the input signal to the model given by the transfer function P(s). When
the LQR is implemented on the instrumented bicycle, the PD controller for
steering position is bypassed, and the steering velocity is fed directly to the
motor controller.

To include the dynamics of the steering system, comparable to the approach
of the transfer function P(s), another step response is matched. However, the
reference is a steering velocity instead of a steering position since the model
in (7.4) is using the steering velocity as its input. As a reference angular ve-
locity, 9deg/s is commanded to the DC motor mounted on the instrumented
bicycle. The Junus motor controller, used for controlling the steering system,
logs the angular velocity data for post-processing. The result is presented in
Fig. 7.4.B.

The matched step response in Fig. 7.4.B is converted to its state-space, and

its matrices are:
A, = [-100], B, = [1], C, = [100], D, = [0] , (7.5)
with the state vector x, = 6, and the control input u, = 6* representing the
desired steering velocity. The two state spaces in (7.4) and (7.5) are combined
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Figure 7.5: Reference feedback control scheme for balancing a bicycle.

in series as:

_| A 0O _| B
Aw) = [BICZ Al] » Bl = [BlDz] ' (7.6)
C=[D,C, C;|]. D=[DD,.

The input signal is the desired steering velocity u = u, = 6*.

7.3.3 Nonlinear model

The instrumented bicycle was disassembled and each part was measured,
weighed, and designed in SolidWorks*. Both the rear wheel motor and the
steering motor are defined as rotary motors in SolidWorks. The complete
model is then exported to Adams which is a multibody dynamics simulation
software that uses the Newton-Euler method to obtain the equations of motion.

In Adams, the steering motor of the bicycle is defined as either steering
position or steering velocity depending on the control structure used. Gravity
and a contact surface between the wheels and the ground are included as well.
To model the Columb friction force between the ground and the wheels, the
static and dynamic friction coefficients y, = 0.7 and p,; = 0.7 are used as well
as a stiction transition velocity of 0.2m/s and a friction transition velocity of
1m/s.

7.4 Control strategies

The closed-loop system in Fig. 7.5 is used to design control strategies for bal-
ancing the bicycle. The control signal u depends on which model is used as
explained in the previous section. The reference signal is denoted with r, and
the controlled variable with y. A load disturbance d, which intend to emulate a
small physical side push of the bicycle is included in simulations. Additionally,
the measurement noise » in the lean angle measurements is also considered.

*https://www.solidworks.com/
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7.4.1 PID controllers

Two PID controllers, tuned using different methods, are used in this paper. Both
PID controllers are designed using the ideal form of a PID controller in discrete
time

1 1 z-1

N

with T; = 0.01 seconds. The first PID controller — in the following referred as
LSPID —is tuned using a loop shaping method explained in detail in the work by
Andersson et al. [20]. The general objectives of the loop shaping method is to
ensure good stability, tracking performance and robustness to disturbances and
uncertainties [21]. The control loop objectives are formulated as the following
constraints on the loop transfer function frequency response:

e The target bandwidth is selected so that the open loop system should
cross the 0 dB mark once with a phase margin of at least 30°

e For disturbance rejection, the gain for the frequency response of the open
loop system below the target bandwidth should be high

e To assure robustness of plant uncertainties, the gain for the frequency
response of the open loop system above the target bandwidth should be
low

The cost function J, is defined as:

J =w(w, — »,)

”/Ts
+w2/ 20log |[K(jw)P(jw)| dw
[0)

b
@p
—w, / 20log |K (jw)P(jw)| dw, (7.8)
0

where w, = 15rad/s is the target bandwidth and @, is the bandwidth of the loop
transfer function defined as:

w, =1nf |K(jo)P(jw)| £ 1, (7.9)

and weights are chosen as w; = 0.05, w, = w; = 5 x 1074,

An alternative tuning of the PID controller, referred to as ATPID, is per-
formed using the Simulink PID tuner applied on the linear model P(s). A
cross-over frequency @, = 15rad/s and phase margin ¢,, = 60° were chosen
in the design process which results in a stable controller with a rise time of
0.05s and settling time of 1.44s. The gains for the respective PID controller are
reported in Table 7.2.
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Table 7.2: The gains for the two PID controllers

PID gains
Gain LSPID ATPID

K, 2514 3167
K, 1544 1326
K, 0074  0.069

7.4.2 Linear quadratic regulator

The LQR [22] in discrete time, is set to minimise the cost function:
J(w) = ) (x(k)"Qx(k) + u(k) "Ru(k)) (7.10)
k=1

where the Q and R are semi-definite positive matrices. The state-feedback
control law is given by:
u(k) = -Kx(k - 1) (7.11)

where K is computed as

K=(R+B'PB)"'B"PA (7.12)
and P is obtained by solving the discrete-time algebraic Riccati equation:

P(k - 1) = - ATP(k)B(B"P(k)B + R)"'B"P(k)A

+Q+ATP(kA. (7.13)
The matrices A and B, the state vector x, and the input u are given by the state-
space model of the system (7.6), converted to discrete time with a sampling
time T's = 0.01s. The Q = diag(Q;;) and R = diag(ij) matrices were chosen

according to Bryson’s Rule [23], as

1 1
Q. =—— R, = (7.14)
" Max value of xi2 " Max value of ”1‘2

with the constraints found in table 7.1. Now, by utilising equation (7.12) the
following state-feedback gain, K, is obtained:

K=[2246 -3735 —491 877] . (7.15)

On the instrumented bicycle it is possible to access all states except the
steering velocity, which is estimated from the steering position as:

HOE w, T, = 0.0ls. (7.16)

N
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Figure 7.6: The fuzzy controllers membership functions, the first membership func-
tion is the lean angle error e, and the second membership function is the lean angle
error difference Ae,,. The output membership function presented in the bottom graph
correlates to the desired steering angle 6*.

7.4.3 Fuzzy controller

The fuzzy controller is inspired by the work of Abdolmalaki [24] and modified
using a trial and error approach. The controller uses two inputs, the lean angle
and the lean angle difference, and computes the desired steering angle, hence
the linear model P(s) is utilised. The input and output membership functions
are shown in Fig. 7.6 where NL, NM, NS, Z, PS, PM, PL are short for Nega-
tive Large, Negative Medium, Negative Small, Zero, Positive Small, Positive
Medium, and Positive Large respectively. The fuzzy rule set is defined in Ta-
ble 7.3, using the same abbreviations as in Fig. 7.6. The columns represent the
lean error e , and the rows represent the lean error difference Ae,,. To repre-
sent implication and the “And” operation, the product function is utilised. The
methods of aggregation and defuzzification are represented by the sum and the
centroid functions respectively.
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Table 7.3: The fuzzy rule set with “And" linguistic interception term.

e
Ae¢
NL | NL NL NM NM NS NS Z
NM [ NL NM NM NS NS Z PS
NS NM NM NS NS Z PS PS
Z NM NS NS Z PS PS PM
PS NS NS Z PS PS PM PM
PM NS Z PS PS PM PM PL

PL Z PS PS PM PM PL PL
7.5 Results

' 'NL NM NS Z PS PM PL

To evaluate the performance of the different controllers in simulation the In-
tegrated Squared Error (ISE) of the lean angle and rejection of lean angle dis-
turbances is used. For the experimental results, the execution time of the con-
trollers on the platform is considered as well as their maximum balancing time
of the bicycle on a bicycle roller.

7.5.1 Simulation setup

To evaluate the behaviour of the different controllers and models in simula-
tion, Mathworks Simulink? is utilised. The nonlinear model is exported from
ADAMS and used in co-simulation through Simulink where it is put in series
with the transfer functions of the step response matching to capture the dynam-
ics of the steering setup. Both the linear and nonlinear models are set up in
continuous time and the controllers are using a sampling time T, = 0.01s, to
transfer the data between the time domains rate transition blocks are utilised.
The forward speed during simulations on both the linear and nonlinear model is
set to 14km/h and reference lean r of 0 degrees. In simulations, Gaussian noise
is added to the lean angle measurements with a standard deviation of 0.01°.
The noise is measured by placing the VN-100 on a flat surface and collect the
roll angle data for 30 minutes, this is repeated 3 times. To simulate a gentle
push on the bicycle, a disturbance is induced in the lean angle measurements
with an amplitude of 1 degree and lasts for 0.25s. The disturbance is activated
after 5s. The constraints of the steering angle and steering velocity presented
in Table 7.1 are implemented in simulation as saturation of the control signals.

Shttps://se.mathworks.com/products/simulink.html
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7.5.2 Simulation results

The lean and steering angle of both the nonlinear and the linear models are
shown in Fig. 7.7. The grey area in the subplots indicates where the disturbance
in the lean angle measurements is injected. In the nonlinear case, the bicycle
starts from zero and instantly accelerates up to 14km/h which makes the lean
angle, and in extension the steering angle, to deviate a bit from zero in the
beginning. The Integrated Square Error (ISE) are computed for the lean angle
of the bicycle and presented in Table 7.4.

The most consistent control structure in simulation is the LQR which shows
promising results for both models, for the linear case, this is not surprising
as the LQR is optimised for that model. As the LQR behaves similarly on
both models this suggests that the linear model is a good approximation of the
more complex nonlinear model. However, it is obvious from the results of
the PID controllers that the nonlinear model is more challenging to control for
this type of controller. Especially the LSPID which has smaller gains struggles
when it comes to disturbance rejection of the nonlinear model, this is confirmed
by the ISE values for the LSPID. The ATPID, with a set of higher gains, are
performing much better on both models. The ISE also verifies the consistency
of the LQR and shows that the Fuzzy controller struggles on both models.

Table 7.4: The ISE values from the lean angle error in simulation

Integrated Squared Error (ISE) on lean angle

Nonlinear model Linear model

LSPID 83.79 30.25
ATPID 31.25 24.16
LQR 27.24 23.39
Fuzzy 71.47 88.55

7.5.3 Experimental setup

In experiments, the instrumented bicycle is placed on a bicycle roller and ref-
erence lean of 0 degrees is used for all controllers®. The reason for choosing a
bicycle roller is due to space limitations and weather conditions. At startup, the
handlebar is pointing approximately forward and the bicycle is held by an oper-
ator in an upright position. After the bicycle has accelerated up to 14km/h, the
operator releases the bicycle and the logging of data begins. In case the oper-
ator touches the bicycle, the remaining data does not qualify as self stabilising

6 A footage of one experiment is available at this link: https://youtu.be/9owSiGU-Z0o
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of the bicycle, which is indicated by the grey areas in Fig. 7.8. There were no
disturbance injected in the lean angle measurements in the experiments, mainly
due to the experimental setup using a bicycle roller.
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Figure 7.7: Results of the different control strategies when controlling the linear model
and the nonlinear model in simulation.

7.5.4 Experimental results

The outcome of the experiments conducted on the roller is presented in Fig. 7.8.
All four controllers manage to balance the bicycle. However, due to the narrow
bicycle roller, the instrumented bicycle tends to go out of bounds and an op-
erator needs to assist the bicycle to keep it on the roller. The Fuzzy controller
manages to balance the bicycle, but with large oscillations in the lean angle



Paper A 75

which makes it drift off the roller after 10 seconds. Perhaps with a better tuned
fuzzy system, the bicycle balancing could be improved. However, the long ex-
ecution time of the fuzzy system makes it a weak candidate compared to LQR
and PID on a real-time embedded system. The two PIDs and the LQR manages
to stabilise and keep the bicycle on the roller for over 40 seconds, with the LQR
performing slightly worse than the PID’s. A reason for this might be caused by
the estimation of the steering velocity, which could be improved by a Kalman
filter. The results also suggest that in experiments, it is more beneficial to use
the steering position as the control signal compared to the steering velocity.
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Figure 7.8: Results of the experiments conducted on the bicycle roller. The top row
presents the lean angle of the bicycle while steering angle is reported in the second
row for LSPID and ATPID. The third and the fourth row presents the lean angle and
steering angle of the LQR and Fuzzy controller respectively. The gray area indicates
that the bicycle has been aided by an operator, thus the experiment is considered to be
aborted at that point.

The LSPID, which did not show the most promising results in simulation,
produced the best results in experiments, indicating that the nonlinear valida-
tion model could be improved in future work. The most consistent controllers,
when considering both experiment and simulation, are the ATPID and LQR.

To evaluate the execution time of the different control structures they
are implemented on the roboRIO platform. Random numbers in the range
[—15,15]deg are used as inputs to the controllers and the mean execution
time and standard deviation of 10000 loops are calculated for each controller.
Table 7.5 shows the obtained averages for the three classes of controllers.
Both the PID and the LQR show an execution time of few micro-seconds,
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while the Fuzzy controller has an execution time in the order of hundreds
of micro-seconds. Even though, all the controllers manage to complete
the respective control laws within the sampling period (T, = 0.01s), it is
preferable to use the PID or the LQR controllers since it can allow additional
functionalities to be implemented on the same computing platform, such as
the motion planning, localization algorithms, and so on.

7.6 Conclusion and Future Work

To improve the evaluation process of vehicles ability to detect and classify bi-
cycles, a driverless instrumented bicycle is designed with components which
could fit into the bicycle frame or be hidden away in a bicycle basket. To eval-
uate and compare different control algorithms for stabilising the system, two
different models are developed. The instrumented bicycle senses the lean angle
and adjusts the steering angle to maintain balance. For the purpose of control-
ling the handlebar, two different tuned PID controllers, an LQR and a Fuzzy
controller are evaluated and implemented in both simulations and on the in-
strumented bicycle. In the simulation, the controllers are compared both on
a linear and a nonlinear model and a disturbance is induced in the lean angle
measurements to evaluate the robustness of the four controllers. The outcome
from the conducted experiments shows promising results when using the PID
controllers or LQR, which all manages to keep the bicycle balanced for over 40
seconds on a narrow roller.

To maintain the silhouette of a bicycle, the next iteration of the instru-
mented bicycle should focus on embedding the components into the bicycle
frame. Since the LQR and PID controller with the set of higher gains shows
consistent results in simulation and experiments these controllers should be
considered for balancing the bicycle in future work where path following will
be addressed.

Table 7.5: Execution time of the different control strategies

Execution time

Controller Mean [ys] Standard deviation [ us]
PID 8.24 4.78
LQR 9.97 3.96
Fuzzy 582.37 54.50




Bibliography 77

7.7

Acknowledgements

This work is part of a research project between Milardalen University,
Chalmers University, Volvo Cars, AstaZero, and Cycleurope and it is funded
by Vinnova. The work is partly funded by Eskilstuna kommun och Eskilstuna
Fabriksforening.

Bibliography

[1]

(2]

[4]

[5]

[6]

[7]

[8]

[9]

P. Fairley, “Self-driving cars have a bicycle problem [news],” IEEFE Spec-
trum, vol. 54, no. 3, pp. 12-13, 2017.

N. H. Getz and J. E. Marsden, “Control for an autonomous bicycle,” in
Proceedings of 1995 IEEFE International Conference on Robotics and Au-
tomation, vol. 2, pp. 1397-1402, 1995.

K. J. Astr(im, R. E. Klein, and A. Lennartsson, “Bicycle dynamics and
control: adapted bicycles for education and research,” IEEE Control Sys-
tems Magazine, vol. 25, no. 4, pp. 26-47, 2005.

A. L. Schwab and J. P. Meijaard, “A review on bicycle dynamics and rider
control,” Vehicle System Dynamics, vol. 51, no. 7, pp. 1059-1090, 2013.

J. Tan, Y. Gu, C. K. Liu, and G. Turk, “Learning bicycle stunts,” ACM
Trans. Graph., vol. 33, no. 4, pp. 1-12, 2014.

M. Baquero-Suarez, J. Cortés-Romero, J. Arcos-Legarda, and H. Coral-
Enriquez, “A robust two-stage active disturbance rejection control for the
stabilization of a riderless bicycle,” Multibody System Dynamics, vol. 45,
no. 1, pp. 7-35, 2019.

A. Shafiekhani, M. J. Mahjoob, and M. Akraminia, “Design and imple-
mentation of an adaptive critic-based neuro-fuzzy controller on an un-
manned bicycle,” Mechatronics, vol. 28, pp. 115-123, 2015.

F. Whipple, “Stability of the motion of a bicycle,” Quarterly Journal of
Pure and Applied Mathematics, vol. 30, pp. 312-348, 1899.

J. P. Meijaard, J. M. Papadopoulos, A. Ruina, and A. L. Schwab, “Lin-
earized dynamics equations for the balance and steer of a bicycle: a bench-
mark and review,” Proceedings of the Royal Society A: Mathematical,
Physical and Engineering Sciences, vol. 463, no. 2084, pp. 1955-1982,
2007.



78

Bibliography

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

(20]

H. D. Sharma and N. Umashankar, “A Fuzzy Controller Design for an
Autonomous Bicycle System,” 2006 IEEE International Conference on
Engineering of Intelligent Systems, pp. 1-6, 2006.

J. Hauser, A. Saccon, and R. Frezza, “Aggressive motorcycle trajectories,”
IFAC Proceedings Volumes, vol. 37, no. 13, pp. 949-954, 2004.

D. E. Meehan and A. L. Ruina, “Linear and nonlinear controllers of an au-
tonomous bicycle have almost identical basins of attraction in a non-linear
simulation,” in Bicycle and Motorcycle Dynamics 2019, Symposium on
the Dynamics and Control of Single Track Vehicles, 2020.

M. R. Garcia, D. A. Mantaras, J. C. Alvarez, and D. Blanco F, “Stabilizing
an urban semi-autonomous bicycle,” IEEE Access, vol. 6, pp. 5236-5246,
2018.

A. L. Schwab, J. D. Kooijman, and J. P. Meijaard, “Some recent develop-
ments in bicycle dynamics and control,” in European Conf. on Structural
Control (ECSC), 2007.

J. He, M. Zhao, and S. Stasinopoulos, “Constant-velocity steering control
design for unmanned bicycles,” in 2015 IEEE International Conference
on Robotics and Biomimetics (ROBIO), pp. 428-433, 2015.

Y. Tanaka and T. Murakami, “Self sustaining bicycle robot with steering
controller,” in The 8th IEEE International Workshop on Advanced Motion
Control (AMC), pp. 193-197, IEEE, 2004.

S. Vatanashevanopakorn and M. Parnichkun, “Steering control based bal-
ancing of a bicycle robot,” in 2011 IEEE International Conference on
Robotics and Biomimetics, pp. 2169-2174, 2011.

M. A. Anjumol and V. R. Jisha, “Optimal stabilization and straight line
tracking of an electric bicycle,” in 2014 International Conference on
Power Signals Control and Computations (EPSCICON), pp. 1-6, 2014.

Y. Tanaka and T. Murakami, “A study on straight-line tracking and posture
control in electric bicycle,” IEEE Transactions on Industrial Electronics,
vol. 56, no. 1, pp. 159-168, 2009.

T. Andersson, N. Persson, A. Fattouh, and M. C. Ekstrom, “A loop shap-
ing method for stabilising a riderless bicycle,” in 2019 European Confer-
ence on Mobile Robots (ECMR), pp. 1-6, 2019.



[21] D. Bruijnen, R. van de Molengraft, and M. Steinbuch, “Optimization
aided loop shaping for motion systems,” in IEEE Int. Conf. on Contr.
Appl., pp. 255-260, IEEE, 2006.

[22] V. Kumar E, J. Jerome, and K. Srikanth, “Algebraic approach for select-
ing the weighting matrices of linear quadratic regulator,” in 2014 Inter-
national Conference on Green Computing Communication and Electrical
Engineering (ICGCCEE), pp. 1-6, 2014.

[23] G.F. Franklin, J. D. Powell, and A. Emami-Naeini, Feedback Control of
Dynamic Systems. Pearson, 8th ed., 2019.

[24] R. Y. Abdolmalaki, “Implementation of fuzzy inference engine for equi-
librium and roll-angle tracking of riderless bicycle,” arXiv e-prints, 2017.






Chapter 8

Paper B

Trajectory tracking and
stabilisation of a riderless
bicycle

Niklas Persson, Martin C. Ekstrom, Mikael Ekstrom, Alessandro V.
Papadopoulos.

In International Conference on Intelligent Transportation Systems (ITSC),
2021

81



Abstract

Trajectory tracking for an autonomous bicycle is considered in this paper. The
trajectory tracking controller is designed using a Model Predictive Controller
with constraints on the lean, steer, and heading angle as well as the position
coordinates of the bicycle. The output from the trajectory tracking controller
is the desired lean angle and forward velocity. Furthermore, a PID controller is
designed to follow the desired lean angle, while maintaining balance, by actu-
ation of the handlebar. The proposed control strategy is evaluated in numerous
simulations where a realistic nonlinear model of the bicycle is traversing a go-
kart track and a short track with narrow curves. The Hausdorff distance and
Mean Squared Error are considered as measurements of the performance. The
results show that the bicycle successfully can track desired trajectories at vary-
ing velocities.
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8.1 Introduction

The bicycle, with its slim structure of two inline wheels and a frame, is stati-
cally unstable but with proper actuation, it can be made stable [1]. A human
can learn to balance and control a bicycle from an early age by using the prin-
ciple of steering into the fall of the bicycle. This simple principle has also been
replicated in autonomous self-balancing bicycles [2]. However, a cyclist does
not only balance a bicycle but does in general also follow a path to a desti-
nation. A self-balancing bicycle, which also could navigate on its own could
potentially be used in several applications, e.g., for message delivery service
or bike-sharing [3]. Furthermore, autonomous road vehicles, such as cars and
trucks, struggle to correctly detect and classify Vulnerable Road Users (VRU),
such as cyclists, as discussed by Fairley [4]. Thus, a fully autonomous bicy-
cle could be used on the test tracks to aid the evaluation process and improve
the VRU detection and emergency braking system of other road vehicles. It is
crucial that the evaluation of test tracks is conducted in realistic environments,
with realistic behaviour of the VRU. An autonomous bicycle, which can nav-
igate and balance will resemble a cyclist to a larger degree compared to the
current bicycle targets which are mounted on a sledge and pulled in front of, or
beside the car!.

Motion planning and path tracking are important components for
autonomous vehicles, and they have been extensively explored in the area
of mobile robotics and autonomous cars [5]. However, the application of
such techniques cannot be applied as an off-the-shelves solution to riderless
bicycles, as some manoeuvres may make the bicycle fall. For example, path
trackers for cars typically use the steering angle to manipulate the heading [6],
while in the case of a bicycle that uses steer actuation to maintain balance, the
desired steering angle could potentially interfere with its balance and cause a
fall. Instead, a desired lean angle is commonly used to alter the heading of the
bicycle, which in extension controls the steering angle by using the principle
of steering into the fall [7, 8].

In this paper, we present a cascaded control architecture to (i) balance the
autonomous bike, and (ii) track the desired trajectory. The inner controller is
in charge of balancing the bicycle, and it is designed as a robust PID control
loop. The outer controller, is in charge of the trajectory tracking task, control-
ling the desired lean-angle of the bicycle to adjust its heading, and it is designed
as a Model Predictive Controller (MPC). The system is evaluated through co-

"https://www.euroncap.com/en/vehicle-safety/the-ratings-explained/
vulnerable-road-user-vru-protection/aeb-cyclist/
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simulation between Adams? and Matlab, where noise in the lean angle mea-
surements and disturbance on the steering system are included.

The rest of this paper is organized as follows. In Section 8.2 the related
work is presented. The bicycle model is derived in Section 8.3 followed by
Section 8.4 where the control design is discussed. Section 8.5 presents the
results and the paper is concluded in Section 8.6 which also includes future
research.

8.2 Related Work

The path tracking problem for bicycles has received some attention in previous
research. However, most previous bicycle research focuses on the modelling
and balance of unmanned bicycles. In this section, the modelling is discussed
first, then previously proposed solutions to the path tracking problem are dis-
cussed.

8.2.1 Modelling

The dynamic stability of bicycles has been researched for over a century, with
Whipple and his work on bicycle stability dated back to 1899 as one of the first
contributions to the topic [9]. To use the Whipple model, a set of 25 parame-
ters needs to be measured from the bicycle, which can be time-consuming and
sometimes difficult to obtain accurate measures. A simplified dynamic model
was presented in the work of Getz, where the mainframe of the bicycle was
modelled as a point-mass [10, 11]. In comparison to the Whipple model, this
model requires only 4 parameters to be measured. Extending Getz work, Yi et
al. presented a similar bicycle model [12, 13]. However, an important differ-
ence between the models is that the model proposed by Getz assumes that the
steering axis is vertical, while the model by Yi et al. allows for a tilted steering
axis, providing a positive trail to the bicycle. This extension offers a more re-
alistic model of a bicycle as most bicycles possess a positive trail, even though
it is not necessary for the self-stabilisation of a bicycle [14]. Yi used the model
to develop a nonlinear control for path tracking and balance of a motorcycle in
simulations [12]. The model has also been used for developing balance con-
trollers for bicycles in both the work of He et al. [15] and Zhang et al. [16], as
well as for bicycle localisation in the work of Miah et al. [17].

’https://www.mscsoftware.com/it/product/adams
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8.2.2 Path tracking

In order to solve the path tracking problem, Dao and Chen [8] used a multi-
loop control. To control their bicycle model, a sliding mode controller was
used for lean angle tracking and a fuzzy logic controller with gain scheduling
and integral controller constituted the path tracking controller in the outer loop.
The results are promising as small tracking errors are achieved, however, a
discussion regarding discretization and sampling times of the system is lacking.
This is an important topic if the transition from simulation to experiments is to
be made, and requires a discrete-time algorithm. The path tracking problem
was also addressed in the work of Baquero-Suérez et al. [7], where an Active
Disturbance Rejection Controller (ADRC) was designed from the linearised
equations of the Whipple model [18] to balance the bicycle. A control law was
also established which relates the lean angle of the bicycle to its yaw angle,
and the controller was extended with path tracking capabilities. A reference
lean angle other than zero was fed to the outer loop of the controller which
enables the bicycle to track the desired heading. Baquero-Suarez path tracker
showed promising results in simulation where a forward velocity of 1.5m/s was
considered when evaluated on both a straight path and a circular path with a
radius of 15m. In this paper, higher forward velocities are considered as well
as narrow curves.

A way to address the path tracking problem, which has proven successful
for both mobile robots and autonomous vehicles is the MPC [5]. A desired
property of the MPC is the possibility to incorporate constraints on the states
and control signals of the system while tracking a reference by looking ahead.
By recursively minimising a cost function over a finite time horizon an optimal
control signal is computed. However, there is an important trade-off. Typically,
the larger the time horizon, the higher the accuracy, but so is the execution
time. An MCP were used by Frezza et al. [19] as a path tracking controller for
a motorcycle. To evaluate the controller, a multi-body simulation environment
was used and the obtained results showed good tracking accuracy. Clearly, the
proposed controller produces satisfactory results when used on a high-speed
motorcycle, but unfortunately, it was never evaluated for a lower speed range
typical for a bicycle. Also, the sampling and execution times were not consid-
ered in their work. Path planning and path tracking as well as obstacle detection
and avoidance for an autonomous bicycle were presented in the work by Zhao et
al. [20]. The path planning algorithm considered a global linear path between
two points and re-plans the path using four phases if an obstacle is detected by
the onboard Lidar. To balance the bicycle, the controller presented in [15] was
used. The simulation and experimental results are impressive, however, the
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details of the path tracking algorithm are not disclosed as well as any details of
sampling and execution time of the different systems.

In this paper, we propose an MPC controller to address the path track-
ing problem for a riderless bicycle. Instead of considering low velocities and
wide curves as in [7], we are using operating velocities typical for a bicycle.
Moreover, the reference path includes both wide and narrow curves as well as
straights. Many of the previous path tracking controllers are only considered
in simulation and the transition to an experimental setup, including sampling
and execution times is not discussed [19, 8]. In this paper, different sampling
times are considered for the inner and outer control loop when controlling the
nonlinear bicycle model in simulation.

8.3 Bicycle model

To model the bicycle, the point-mass model presented in the work of Yi et
al. [13] is used. The model assumes the bicycle to ride on a horizontal plane,
where the interaction between the wheels and the ground is point contacts and
the geometry and thickness of the wheels are neglected. Furthermore, the mass
of the rear frame is considered as a point mass, and non-holonomic constraints
are imposed resulting in v, = v and v, = 0. There are three coordinate sys-
tems associated with the model, the navigation frame N (X, Y, Z) fixed on the
ground plane, the wheelbase frame W(x, y, z) associated with the line between
the point C; and C, and the last frame is attached to the rear frame of the bi-
cycle R(xg, ¥, zZr), as shown in Fig. 8.1. The lean angle, ¢(#), and steering
angle, 6(¢), are positive following the right-hand rule.

Figure 8.1: A bicycle riding on a flat horizontal plane.
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The projected steering angle f(¢), i.e, the steering angle at the horizontal
plane, can be obtained as:

5(1)) sin(A
tan(B(1)) = —tanéoit()(;s;;( ). 8.1)

where A is the caster angle. Consider a bicycle riding on a path with radius R,
then the curvature o (?) is:

o) = % = tan(p(1)) (8.2)

with b representing the wheelbase. The small angle approximation for the steer
angle 6 and lean angle ¢ yields:

o(t) = 6(t) sin(4), (8.3)
and the respective curvature rate of change:
w, (1) = 6(t) ~ 5(t) sin(A). (8.4)
The lateral dynamics of the bicycle on the plane can be formulated as:

x = v(r) cos(y (1))

y = v(®) sin(y (1)) (8.5)
oo tan(8(1)) sin(A)
Vi = T osio)y U

The roll dynamics of the bicycle can be expressed as:
h2p(tym = gm (h sin (@(1) + % sin(A)a(t) cos (qo(t))) —
(1- %0'(1‘) sin (o) ) %a(t) cos (p(0) v*(O)m (8.6)
= cos (o) (010000) = 010, ).

Here, the mass, m, cancels out and using the relationships in Eq. (8.1) and
Eq. (8.2) the roll dynamics can be simplified as:

2
o) =g <h sin (@(1)) + % tan (5(:))) -
<1 - %” tan (5(1)) tan ((p(t))) h—bp tan (6())v@?* .7

- S an (5000 = 4 cos (0) o0, 0.
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where p = sin(4). To linearise the model, we apply the small angles approxi-
mation, and a constant velocity (0 = 0) obtaining:

2
h () = g <h(p<t> + ﬂam) -

h (8.8)

(——5(r><o(z)) 2L s(t)0? - b” 0

Finally, we linearise at the equilibrium point @(¢) = 0, 5(t) = 0 and g(t) =0
using first order Taylor expansion and the linearised roll dynamics becomes

gca
bh?

(1) = —(ﬂ(t)+ 5( ) — L 25(t)— 05(1) (8.9)

Eq. (8.9) can be rewritten in state-space form, with the input u, = 8, output
Y, = ¢, and the state x, = [¢, @, 81T as:

g pgeap _ 2 ap
O SR I
“ 1o o 0 B (8.10)
c,=1[0 1 0], D, =[0].

The relevant model parameters are obtained through measurements on the
instrumented bicycle in [21] and presented in Table 8.1. To model the steering
dynamics, including the steering motor and frictions, a step response matching
is performed. The instrumented bicycle in [21] is held in an upright position
with a steering angle of approximately O degrees, a reference angular velocity

Table 8.1: Parameters of the instrumented bicycle.

Design parameters

Parameter Symbol Unit Value
CoG with respect to O (x) a [m] 0.473
CoG with respect to O (z) h [m] 0.515
Gravity g [m/s2]  9.820
Wheelbase b [m] 1.080
Mass m [kg] 23.720
Trail c [m] 0.087
Head angle A [deg] 72.950
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of 9deg/s is commanded to the motor and the results are sampled and stored on
the motor controller. The step response is shown in Fig. 8.2 and the matched
response is represented by a state-space model as:

As=[-100], B;=[100],

(8.11)
C;s;=[1], D; = [0],

with the desired steering velocity, u; = 6%, as input and the actual steering
velocity, y5 = x5 = &, serving as both the output and the state. The state-space
model resulting from the series of the steer dynamics and the roll dynamics is:

A 0 B:
As,=|n 2 . Bs, =10 o |,
o0 [B¢Cs A¢] o0 [B(st] (8.12)

Cs(p = [chéf Cco] ’ DS(p = [DcﬂDS] ’

o]

with the state vector x5, = [X;, X,

ing the desired steering velocity.

T, and the control input u;, = 6* represent-

Step response matching

= or

@ —— Reference

s 45 —— Actual response

i 0 —— Matched response | |
0 0.1 0.2

Time [s]

Figure 8.2: Step response matching of the steering system. The matched response is
used in simulation to model the dynamics of the steering system.

8.4 Control design

In this section, the PID controller in charge of balancing the bicycle is derived
first. The tuned PID controller is then put in series with the roll dynamics and
appended to the lateral dynamics, and the complete model is used to design an
MPC for the outer loop.

8.4.1 Balance controller

To maintain the balance of a bicycle, the front fork is steered in the same direc-
tion as the fall which will cause an acceleration in the opposite direction and
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bring the bicycle to an upright position again. In the case of uneven terrain,
side wind, or other disturbances the task of balance becomes more challeng-
ing. Therefore, disturbance rejection is an important property for the balancing
controller and should be emphasised in the control design.

Consider the system in Fig. 8.3 where R(s) is a real PID controller in par-
allel form
K,;N

1+ 2
N

Ki
R(s) = K, +— + (8.13)

In the figure, G(s) is the transfer function of the steering dynamics in Eq. (8.11),
and H(s) is the transfer function associated with Eq. (8.9), with input é and
output ¢, and it is equal to:

_D(s) (gcap* — hpv*) — ahpus
A(s) bh2s3 — bhgs '

(8.14)

The roll dynamics, including the actuation, can be therefore expressed as the
transfer function P(s) = G(s)H (s). As illustrated in Fig. 8.3, a disturbance
d, acting on the control signal 6*, and noise # on the lean angle measurements
@ are considered, and their effect should be minimized. The reference lean
angle is denoted @* and the steering velocity which affects H(s) is 6. The
open-loop transfer function from the load disturbance to the system output is

Q(s) = —LO__

1+R(s)P(s) "
The system with transfer function H(s) has three poles in s = 0, and
s = x+/g/h, and therefore it is unstable with a pole in the right-half-plane.
As a consequence, also the system with transfer function P(s) = G(s)H(s)
is unstable. As such, several autotuning techniques cannot be applied for the
problem at hand [22]. Instead, the PID tuning problem, for a forward velocity

P(s)

Balance control Steer dynamics Bicycle
~ +
3,

Figure 8.3: Balance controller R(s) and the linear model P(s).

@
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v = 14km/h, is formulated as a nonlinear optimisation problem:

K, KlzinK N (@" - 0)* + w, /O tq(t)*dt + w, /O t£(1)*de
S.t. K K;, € [-200, 0], (8.15)
N €10, 1000],
= 60rad/s.

with w, w, € [0,1] and w; + w, = 1. Here, the desired crossover frequency
is denoted a)des and the crossover frequency of the open-loop response is w,.
The functlon q(t) is defined as the integrated mean squared value for the load
disturbance. Similarly, £(¢) is the integrated squared error for the closed-loop
step response. To leverage the influence of these performance measurements
the weights, w; = 0.5, w, = 0.5 are utilised.

The nonlinear optimisation problem in Eq. (8.15) is solved by means of
Particle Swarm Optimisation (PSO) [23] which is an iterative search algorithm.
PSO does not require the optimisation problem to be differentiable and can
search a large space of candidate solutions to the problem, however, it does
not guarantee a globally optimal solution. A population size, or swarm size,
is chosen initially as well as the size of the search space of possible solutions.
Each particle in the population is given a random position in the search space
and evaluate the cost function in Eq. (8.15) at their respective position. The
result of the evaluation generates a velocity for the particle towards both its own
best cost solution, but also towards the global best cost solution. The speed of
the particle towards the local and global best solutions is a also dependent on
the stochastic local and global acceleration coefficients, ¢; ~ U'(0, y¢,) and
cg ~ U0, y@,), where ¢ , is chosen as 2.05 and with k = 1, y is computed

as:
2K

20— V(9? —49)|
The algorithm stops after a termination criterion is met or the maximum num-

ber of iterations, chosen as 1000, is reached. The resulting PID parameters are
shown in Table 8.2.

The state-space matrices of the PID controller in (8.13) are defined as:

-N O
A, = B, =
R [ 1 0] ’ R [ ] (8.17)

Cr=|Ki—K;N? K,N|, Dp=|[K,+K;N]|,

(8.16)
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where the state vector is Xz = [e}, e,]T, the output y = 6%, and the input u = e
with e = @* — @. Now, the open loop system in Fig 8.3 can be written as:

(2x4)
AR T P
B;,Cr  Agp B;,Dr (8.18)
Co =[Ds,Cr Cs,| Do =[Dy,Dpl
and by closing the loop we obtain

AC = AO - BOC0

B.=B
c—o (8.19)
CC=CO

The input to the closed loop system is u- = ¢*, the output y- = ¢, and the
state vector X = [ey, e,, 5, @, ,0].

Table 8.2: Computed optimal PID parameters.

PID parameters

Parameter Value

K, -82.6193
K, -69.4433
K, -22.4138

N 234.4655

8.4.2 Path tracking

A cyclist who does not preview the path ahead would struggle and ultimately
could lose control and balance of the bicycle. Instead, a cyclist typically looks
ahead and plans a path and by proper actuation of the handlebar, pedals, and
body movements the path can be tracked. The MPC is an online optimal con-
trol algorithm that predicts the future behaviour of the plant for a given pre-
diction horizon H ,, similar to how a cyclist tracks a path. Constraints on the
states, output and input variables are considered as well. If the plant model and
constraints are linear, the optimisation problem becomes convex and thus an
optimal solution can be guaranteed. However, if the model does not success-
fully approximate the plant to a satisfying degree, the output of the MPC will
be flawed. Thus, the results are highly dependent on the model and the design
parameters of the MPC.
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Consider the bicycle riding on a horizontal plane, the motion can be de-
scribed by the lateral dynamics in Eq. (8.5), and given small angle approxima-
tion and a constant velocity, it can be written in state space form as:

0 00 %UC 0
Ag=(0 0 0], Bgk=|] 0 1
| U, 0 0 0O O
(8.20)
[1 0 0
Cy=10 1 0}, ,
[0 0 1

with the state vector X = [y, x, y]", and the input u = [8, v]. A model which
includes both the motion of the bicycle, as well as its roll dynamics, can be
obtained by augmenting the lateral dynamics in Eq. (8.20) to the closed loop
dynamics in Eq. (8.19). When augmenting the systems, the steering angle 6,
used for computing the heading v, can now be obtained from the state vector
instead. The state matrices of the complete model are:

A= b O B’“] B= [Bf% O(M]
03 A. 0©<D B
C=[Cx C¢|. D = [0®2)]

(8.21)

where By and By, corresponds to the first and second column of the B ma-
trix respectively. The state vector is X = [y, x, y, e}, 5,6, @, @, 5], the input
u = [v, ¢*], and the outputy = [y, x, ¥, @, 517,

Consider a reference trajectory I'(t) = [y, (1), x,.(¢), y,(t)]T. A new refer-
ence point on the path is extracted at each sampling interval T, = 0.1s, and the
H , — 1 subsequent reference points are extracted which enables the bicycle to
look ahead H), points. However, as the linear model in Eq. (8.21) is linearsed
at its equilibrium state, i.e x = [0], the model will more accurately describe
the system close to the its equilibrium. Therefore, the measured output is set
to zero for all states, and instead the difference in the bicycle frame, W, is used
as the reference output for the MPC with lean and steer angle set to zero. The
difference are computed as:

Ay =y, —y (8.22)
Ax =cos(y — Ay)(x, — x) + sin(y — Ay)(y, — ¥)
Ay = —sin(y — Ay)(x, — x) + cos(y — Ay)(y, — y),

and the input reference to the MPC is r = [Ay, Ax, Ay, 0, 0]". The quadratic
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cost function, optimised by the MPC, can now be formulated as:

HP Hu
. 2 _ 2 Au, |12
min Iyi = rillg + 2, e —w [Ig + [l Au (g
W = k=0

s.t. Xk+1 = Axk + Buk,
y, = Cx,. (323)

Ymin < Y& < Ymax k=0""’HP’

Upin < Uy < Upmaxs

Aumin < Auk < Aurnax

where Q, R, and S are positive semi-definite weighting matrices penalizing the
tracking error, control signals and control moves respectively. The control hori-
zon is denoted H, u, = [v, 0]" is the control reference signal, u is the control
signal, y the output, and Au represents the control move from one iteration to
the next. The matrices A, B, C are given by the state-space model in Eq. (8.21)
discretized using zero-order hold and a sampling time of 7, = 0.1s. The de-
sign parameters for the MPC and their corresponding values are presented in
Table 8.3. To estimate the states of the model, a Kalman filter is utilised and
integral terms are used for estimating the output [24].

Table 8.3: MPC parameters and constraints.

Parameter Value Parameter Value

Ymin ~[7,50,50,Z. 517 Q diag([5, 10, 5, 10, 0])
Vonax [z.0.1,50.%,2]T R diag([0, 0])

i [0.50, Z17 S diag([0.1,0.1])

L1 I [1.50,Z2]T H, 4

Aty -[0.2, 217 H, 10

Au,.. [0.2, 217

8.5 Results

To evaluate the proposed control system, two different reference trajectories
are considered. Instead of restricting the path to a circular or straight path as
in [7], or a sinusoidal as in [8], a realistic path is considered in this paper. Using
OpenStreetMap a go-kart track is exported to the Driving Scenario Designer in
Matlab. This allows for a more realistic behaviour of the bicycle since cyclists
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typically manoeuvre both straights and curves. The z-coordinates of the track is
set to zero, i.e., the bicycle is riding on a flat horizontal plane. The centerline of
the track is extracted and used as the reference path for the bicycle. The second
reference trajectory, which is much shorter than the go-kart track, consists of
a few narrow curves and is a more challenging track. For both trajectories, six
different nominal velocities: 10, 12, 14, 16, 18, and 20km/h are considered. On
the short track, the simulations are repeated ten times for each nominal velocity.
The model in Eq. (8.21) used for the MPC is updated for each nominal velocity,
however, the PID parameters reported in Table 8.2 remains the same for all
simulations.

To evaluate the performance of the proposed system, the Mean Squared
Error (MSE) is utilised and computed as:

N .
Ek:()(llleke _ Xref “2)Ts

MSE = kol (8.24)

t

bike ref

where x*'“® and x"®" are the x and y coordinates of the bicycle and the reference
trajectory respectively, T, = 0.1s is the sampling time, and ¢ is the time it takes
for the bicycle to go from it start position to its goal position. Since the reference
trajectory x'"®f should be ahead of the bicycle, the previous reference point is
considered, i.e., xff]. Moreover, to measure the maximum difference between
the reference trajectory and the bicycle trajectory, the Hausdorff distance [25]
is utilised. The Hausdorff distance can be used to measure the similarity of two

parametrised curves, A and B, as:

dy (A, B) = max {sup inf d(a, b), supinf d(a, b)} , (8.25)
acA beB beB acA

where d(a, b) is the Euclidian distance between the points @ and b. On the
short track, the standard deviation and the mean of the ten repetitions for each
nominal velocity are computed.

8.5.1 Simulation setup

The ordinary-sized male bicycle in [21] was dismantled and each component
was weighed, measured, and designed in SolidWorks® and imported to Adams,
a multibody dynamics simulation software. In Adams, the steering motor and
the propulsion motor are defined as general point motions around the steer-
ing and rear-wheel axis respectively. Furthermore, the interaction between the

Shttps://www.solidworks.com/
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wheels and the ground is modelled as a Coulomb friction force with the dy-
namic and static friction coefficients u; = u, = 0.7, a stiction transition veloc-
ity of 0.2m/s, and friction transition velocity of 1m/s. The bicycle, as visualised
in Adams, is presented in Fig. 8.4.

Figure 8.4: The instrumented bicycle designed in SolidWorks and imported to Adams
is used as the plant in the co-simulation between Adams and Matlab.

The nonlinear bicycle model is then exported as a plant to Matlab Simulink,
with the input u = [v, 517 and the outputy = [y, x, y, 0, 8, @]". The outer path
tracking loop has a sampling time of T} ., = 0.1s, while the inner stabilisation
loop is set up with the sampling time T ;.. = 0.01s. To simulate the bicycle
riding on uneven terrain, a disturbance d ~ N (Orad/s, 0.701%rad/s) is acting
on the steering velocity input. Moreover, the lean angle measurement noise is
an additive white Gaussian noise 7 ~ A'(Odeg, 10-3/2" deg) and added to the
lean angle measurements as shown in Fig. 8.5. The variance of the noise is
estimated using the Inertial Measurement Unit (IMU) in [21] placed on a flat
surface. The data from the IMU is collected over 30minutes and repeated three
times.

8.5.2 Simulation results

The reference trajectory and the bicycle trajectory riding on the go-kart track
for each of the nominal velocities are presented in Fig. 8.6. For the short track,
the simulation is repeated ten times for each nominal velocity. The mean and
standard deviation for the ten repetitions are presented in Fig. 8.7 and in Fig. 8.8
for the MSE and Hausdorff distance respectively. Note that at the nominal ve-
locity of 18km/h only one repetition completed the trajectory (highlighted with
a red asterisk in the figures). At 20km/h the bicycle fell over before reach-
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ing the finish line in all ten repetitions. In Fig. 8.9 the short track trajectory
is presented for the nominal velocity of 14km/h*. The variance, due to noise
and disturbances, between the ten repetitions is represented in blue, and the
reference path is highlighted in red.

8.5.3 Discussion

The results in Fig. 8.6 clearly shows that the proposed system is able to follow
a trajectory in a real-life scenario at varying velocities. An MSE of 4.6cm is
the highest value computed for the go-kart track and is obtained with the nom-
inal velocity of 20km/h as seen in Fig. 8.7. The Hausdorff distances in Fig. 8.8
are all located at the narrow curves for all velocities, which indicates that the
tracking performance is better for straights and wide curves. The Hausdorff
distance and the MSE both increase slightly at the higher velocities of 18km/h
and 20km/h. Since riding a bicycle at low speeds demands higher steering
actuation compared to riding the same bicycle at higher speeds [26], the dis-
turbance induced in the input steering signal will also have a greater impact on
the performance at higher velocities

The short track in Fig. 8.9 is a more challenging track with narrow s-curves
and short straights compared to the go-kart track in Fig. 8.6 or the tracks con-
sidered in [7, 12]. As a result, both the MSE and the Hausdorff distance in
Fig. 8.7 and Fig. 8.8 are increased compared to MSE and Hausdorff distances
at the go-kart track. For the short track, the velocity plays an important role in
path tracking performance. The results up till 14km/h is consistent and with
small variations, this is also highlighted in Fig. 8.9 for 14km/h. However, at
higher velocities, the curves are too narrow and both the mean and standard de-
viation of the MSE and the Hausdorff distance at 16km/h is considerably higher

“https://www.youtube.com/watch?v=Wq6Sv0X7erA

05><l

Compute
I, difference y

r

Figure 8.5: Simulation setup of the control system.
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Go-kart results
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Figure 8.6: The Adams bicycle riding on a go-kart track.

compared to the low velocities. Above 16km/h, all except one simulation (at
18km/h) failed due to the bicycle falling over. The majority of falls takes place
at the s-curve, either at the first curve or at the beginning of the second curve.
When recovering the lean angle from the initial curve, the steering actuation
is too aggressive in the opposite direction which causes the fall. One possible
way to address this problem is with a longer prediction and control horizon,
however, this would also increase the computational time. Introducing braking
to the bicycle also needs to be investigated.

8.6 Conclusion

In this paper, an MPC is used to address the trajectory tracking problem for an
autonomous bicycle. A point-mass model is used to model the bicycle, and the
steering dynamics is obtained through a step response matching procedure. To
balance the bicycle, a PID controller regulates the steering velocity. The PID
parameters are computed by formulating the stabilisation of the bicycle as a
nonlinear optimisation problem, solved by means of PSO. The bicycle model
and the inner control loop are included in a prediction model, and an MPC is
formulated for trajectory tracking. The balancing and path tracking capabili-
ties of the autonomous bicycle are demonstrated in numerous co-simulations
between Matlab and Adams where two different reference trajectories are con-
sidered. The Mean Squared Error and the Hausdorff distance is used to evaluate
the path tracking performance. The results show that the riderless bicycle suc-



Paper B 99

Mean Squared Error
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Figure 8.7: The Mean Squared Error between the reference path and the bicycle paths
at each nominal velocity. The blue dots correspond to the MSE and computed for
the go-kart track. The red dots and error bars correspond to the mean and standard
deviation of the MSE for ten runs at each nominal velocity on the short track. The
red asterisk marks the result for the nominal velocity of 18km/h, only one out of ten
repetitions reached the final position. In the case of 20km/h the finish line was never
reached in any of the ten repetitions.

10 12 14 16 18 20
Velocity [km / h]

e Hausdorff distance
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Figure 8.8: The Hausdorff distance at respective velocity for the long go-kart track
is represented by the blue dots. Similarly, the red dots represent the mean Hausdorff
distance, with error bars indicating the standard deviation, when riding on the short
track with narrow curves. At the nominal velocity of 18km/h, only one repetition
completed the whole track and the Hausdorff distance for this repetition is marked
with the red asterisk. At 20km/h the finish position was never reached.

cessfully can balance and follow both reference trajectories in a range of veloc-
ities. For further evaluation of the system and to obtain experimental results,
the MPC will be considered for implementation on an instrumented bicycle.
However, a prerequisite for path tracking performance is reliable localisation,
thus the localisation problem of a bicycle needs to be investigated first.
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Figure 8.9: Simulations results for the co-simulation on the short track at the nominal
velocity of 14km/h. The simulations are repeated ten times and the variance in bicycle
path for these ten repetitions are highlighted in blue.
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Abstract

In this work, we address the problem of balancing an autonomous bicycle using
direct data-driven control. Firstly, we demonstrate that a direct implementa-
tion of data-driven approaches may not guarantee reliable performance, and is
highly dependent on how the parameters are selected. To address this issue, we
make the reasonable assumption that we have access to some inaccurate infor-
mation about the system. We use this inaccurate information to design a feed-
back linearization, based on a simplified point mass model of the bicycle, which
does not accurately represent the dynamics of the system. Next, we suggest
an inner and outer-loop control strategy. In the inner loop, we implement the
aforementioned feedback linearization controller. Subsequently, in the outer
loop, we consider the combination of the autonomous bicycle and the feedback
controller as a black box, and we design a direct data-driven controller from ac-
quired data. We use a SolidWorks model of a real autonomous bicycle to eval-
uate the performance of our proposed control approach and to compare it with
the direct data-driven controller design derived from acquired data of the bicy-
cle without feedback linearization. The results show that our proposed strategy
significantly improves the performance and makes the data-driven control ap-
proach more reliable across a broader range of parameter choices compared to
a data-driven controller designed based on data from the system without feed-
back linearization. Finally, we show that introducing an additional integral-like
state further enhances the system’s performance.
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9.1 Introduction

The seminal study by Willems et al. [1] revealed a paradigm-shifting concept
that has immense potential for revolutionizing control system design. The study
demonstrated that a finite set of system trajectories, generated through persis-
tently exciting input, has the capability to represent the complete behavior of a
controllable linear system. This finding implies that it is possible to describe
controllable time-invariant linear systems solely based on finite historical data,
eliminating the need for traditional state-space or transfer function representa-
tions. Such a breakthrough has sparked great interest within the control system
community, as it offers a promising avenue to streamline control system de-
sign by potentially circumventing the costly and time-consuming step of sys-
tem identification or complex first principle modeling. For instance, [2, 3, 4]
propose predictive data-driven approaches, while [5, 6, 7] focus on optimal
data-driven control methods and [8, 9, 10] present robust and nonlinear control
design.

However, the Fundamental Lemma mentioned in [1], which serves as the
basis for data-driven approaches, only applies to linear systems, while, in prac-
tical scenarios, most systems exhibit inherent nonlinearity. Nonlinear data-
driven control approaches, introduced up to date, rely on techniques such as
linearization [8, 9] or Koopman operators shifting [10, 11]. As a result, the
performance of these approaches in practical implementations relies on the ac-
curacy of the linear representation of the nonlinear system.

The case study in this article is an autonomous bicycle. Bicycle dynamics
are nonlinear and they exhibit an unstable behavior at low velocities, making it
a good illustration of many interesting issues in control design. Various model-
based methods have been proposed for balancing an autonomous bicycle, in-
cluding Sliding Mode Controller (SMC) [12], state feedback controller [13],
Feedback Linearization (FL) controller [14], and by combining FL with LQR
and LQI controllers [15], to name a few. In this paper, we investigate how to
design a data-driven control approach for balancing a bicycle.

Figure 9.1 shows the results obtained by directly applying to the bicycle
the data-driven control method for nonlinear systems proposed by De Persis
and Tesi [8], referred to as DPT! throughout this paper. The controller aims to
track a reference lean angle by actuating the steering velocity. The figure shows
the Integrated Squared Error (ISE)? between the reference and the measured
lean angle, as a function of the number of samples, T, used to design the DPT

'The name comes from the initial of the authors of [8].
Note that in the figure the ISE is clamped to 1 and marked with x when the resulting design
is unstable.
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controller. Moreover, the figure shows how the results change as a function of
the design parameter y required for the DPT controller. This design parameter
defines the entity of the allowable disturbance, which includes the entity of the
system’s disturbance and of the mismatch between the nonlinear and linearized
system—more details in [8]. The historical input and output data were sampled
at a rate of 100Hz and were obtained by exciting the system input with u(t) =
37[—6 cos((9 — 0.41)r) deg/s while the bicycle was riding at a constant velocity of
8km/h.

1 s — e 3%
—y= 10—5
— 4, =10"6
- y=10
©05|—y=10"8
—y= 10—10
y=10"1
0 | ¥
0 24 48 72 96 120

Figure 9.1: Integrated squared error (ISE) for an autonomous bicycle tracking a refer-
ence lean angle using the DPT controller in simulations with varying parameters. ISE
values above 1 are considered unstable and are truncated.

As can be observed from the initial results depicted in Figure 9.1, the per-
formance of the controller depends in a nontrivial way on the sampling size
T, and the parameter y, and it seems difficult to draw any conclusions on how
these parameters should be chosen for reliable performance. However, in most
practical systems, valuable information about some of the system’s dynam-
ics or parameters is available, which could be exploited in the control design.
This information might not be sufficiently precise or reliable for designing a
controller based solely on it, but it can still be precise enough to mitigate the
nonlinear behaviors of a practical system and make the adoption of data-driven
approaches smoother.

9.1.1 Statement of Contributions

The main contributions of this article are as follows:

e We apply the DPT control for nonlinear systems introduced in [8] to an
accurately mechanically modeled autonomous bicycle designed in Solid-
Works.

e We demonstrate that the minimum number of acquired samples required
to design data-driven controllers, as determined in idealized studies, may
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not be sufficient in practical implementations when dealing with nonlin-
ear unstable systems.

e We enhance the performance of data-driven control for nonlinear sys-
tems by incorporating prior information about the system and adding an
inaccurate FL controller to the control design.

e We show that introducing an additional integral-like state can further
enhance the system’s performance.

9.1.2 Organization

The rest of the paper is structured as follows, first, in Section 9.2 the control
design and fundamental concepts of data-driven control are presented. The
control setting and the simulation setup are discussed in Section 9.3 followed
by the results in Section 9.4. Finally, concluding remarks and future work are
given in Section 9.5.

9.1.3 Notation

Throughout this paper, Z, N, and R represent the sets of integers, positive inte-
gers, and real numbers, respectively. Unless clearly specified otherwise, scalars
are denoted as x, while x, , and X denote a (column) vector, a signal, and a
matrix, respectively. Given a signal s : Z — R?, of size d, we denote the
trimmed s within the time interval [k, k + T'], where T € N and k € Z, by

S{k:ksT)> 1€ )
S(k:k+ry = {8(k), ... s(k+T)}.

Furthermore, we denote the matrix that contains T successive samples of s
starts from k by Sy, 1y, i.e.

Sy 2 [st), ..., s(T+k=1)].
Furthermore, diag[x,,...,x,] denotes a diagonal matrix with the elements
Xy,...,Xx, on its diagonal. Finally, tr(X), rank(X), and X’ denote the trace,

rank, and transpose of matrix X, respectively.

9.2 Direct Data-Driven Control

This section introduces some preliminaries for designing controllers based
solely on the historical input and output data of a system. Next, the DPT
controller [8] is presented.
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Consider a discrete linear time-invariant system
x(k+ 1) = Ax(k) + Bu(k), keN, 9.1)

where x € R"” and u € R” represent the state and input vectors, respectively.
We assume that 7" historical samples of u are accessible, where T € N. In
other words, the signal w.7_;, is known. We recall the fundamental property
introduced by Willems et al. [1] that establishes a necessary condition for the
T-long historical data of x(k) and u(k) to effectively represent the dynamical
system described by (9.1). Let us begin by defining the concept of persistently
exciting inputs.

Definition 9.2.1 ([1]). The signal wyy.7_y, € R™ is said to be persistently
exciting of order | if

u@® u() -- uT -1
Uy = u(:l) u(:2) w(T —:l+1) ’
ul/-1) ul@) -~ w@T-1

has full rank ml.
n

Definition 9.2.1 implies that signal « must be sufficiently long, namely
T>@m+1l-1, 9.2)

to be persistently exciting. The following lemmas play a key role in the data-
driven approaches used in this paper.

Lemma 9.1 ([1]). Ifthe system (9.1) is controllable and u (0:7—1} S persistently
exciting of order n + 1, then

rank(W,) = n + m,

where

U
W, = ml] .
0 [X[o,rl

In [8], De Persis and Tesi transformed the state space representation in (9.1)
into a form that exclusively relies on historical data.
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Lemma 9.2 ([8]). If wyy.r_,) is persistently exciting, then the system (9.1) with
a state feedback u = Kx can be represented by:

x(k + 1) = Xp; 7Gx x(k), 9.3)

where G is a T X n matrix that satisfies

K
and as a result
u(k) = U[o,T]QKX(k)- 9.5)
[ ]

From (9.3) we notice that in the closed-loop discrete system (9.1) under
state-feedback control u = Kx it holds,

Thus, one can find an appropriate G so that X[, 7/ satisfies the clas-
sical Lyapunov stability condition. In [8], De Persis and Tesi proved that if
rank(W,) = n + m, then K defined by

K=UjrQ (X[O,TJQ)_l , 9.7)

asymptotically stabilizes (9.1) by any matrix Q that satisfies

9.2.1 DPT Control for Nonlinear Systems

Based on the results of the data-driven state-feedback controller in (9.7), the
authors in [8] investigated the conditions under which the linearization around
the equilibrium point can be implemented to drive a data-driven approach for
controlling smooth nonlinear systems. Consider a nonlinear system defined by

x(k +1) = f(x(k),u(k)), 9.9

suppose that f is continuous and differentiable and (X, u), which serves as
the target for moving the system’s states towards, is known. By linearization
around this equilibrium point, one can rewrite (9.9) as

Ax(k + 1) = AAx(k) + BAu(k) + d(k), (9.10)
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where Ax(k) := x(k) — X, Au(k) :=u(k) —u and

A=

= 9f
ox B

xw=(%,1)’ " ou

9.11)

W=’

In [8], it is proved that if the matrices

AU
OTH " AX(y 71,
[AX[o,ﬂ] e

have full rank and d(k) is upper bounded such that there exists y > O that
satisfies

! '
Dy 11Dyo 7y 2 vAX 1 AKX 1 (9.12)

then the state-feedback K = AU[O’T]Q(AX[O’T]Q)_I, which has similar shape
to (9.7), locally stabilizes the system by any (Q, x) that satisfies

AX[o,T]Q - /“‘AX[I,T]AXELT] AX[LT]Q] -0

Q/AXELTJ AXjoQ 9.13)
Ir Q 2
[Q' AXjo1Q TR

Remark 1. In DPT, it is assumed that the exact dynamical system model is un-
known. Consequently, the precise value of D\ ) in (9.12) remains unknown.
Therefore, determining the lower bound of y that satisfies (9.13) through math-
ematical means is not feasible. As a result, the tuning of y in DPT must be
conducted experimentally.

9.3 Autonomous Bicycle Control Design

The results depicted in Figure 9.1 show that the DPT controller in (9.13) may
not always deliver reliable performance. Under certain parameter combina-
tions, the system becomes unstable. Furthermore, the inherent instability of
a bicycle at low velocities complicates the task of sampling input and output
data. For example, when the bicycle leans to the left and is steered to the right,
it quickly falls over. In contrast, steering to the left eventually stabilizes it and
brings it back to an upright position. These characteristics render some input
signals infeasible for acquiring data.

In this section, we make a reasonable assumption that some imprecise and
simplified information about the system is available. We address both of the
aforementioned challenges by implementing output FL [16], using the available
inaccurate information to reduce the nonlinear behavior of the system and push
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it toward linearity. Subsequently, to improve the closed-loop performance of
the system compared to relying solely on FL or data-driven control, we design
a data-driven controller for the system composed of the autonomous bicycle
and the FL. Given that the nonlinear data-driven control approaches introduced
up to date rely on techniques such as linearization [8, 9] or Koopman opera-
tors shifting [10, 11], this modification can offer performance improvements by
reducing the nonlinearities of the system. Additionally, this section provides
details on the multibody simulation of the bicycle and an explanation of how
the data was collected.

9.3.1 Control Design

Consider the following point mass model of a bicycle [17]:

R2p(m = gm (h sin (1)) + % sin(A)o(f) cos ((p(t))) -

(1= 2owsin (o)) ) 2o(0) cos (@) 20 (9.14)

ahm )

— S cos () (000) — 0,0 ).
where h and a are the vertical and horizontal distances between the center of
gravity and the contact point between the rear wheel and the ground, denoted
P, in Figure 9.2. Gravity, wheelbase, mass, trail, and head angle are denoted
g, b, m, ¢, and A respectively. The curvature of the bicycle is represented by

_ tan(5(2)) sin(4)

0 = oo

(9.15)

where 6 and @ represent the steering and lean angles respectively, and w,(f) =
6(t) =~ &(1)sin(A). By assuming a constant forward velocity (0 = 0) and a
vertical steering axis (4 = 90, ¢ = 0), (9.14) can be simplified as:

(1) = %sin (1)) + = cos ((1)) vé(1)-
I

1
<E - 5 tan (8(0)) tan ((p(t))> tan (8(1)) v,

(9.16)

with x(¢) = [@(2), @(t), 5(t)]’ and u(t) = 6(¢). Furthermore, the model assumes
that the steering bar can be controlled without any delay, i.e, the steering dy-
namics are neglected. Although (9.16) is not full-state linearizable, it can be
partially linearized by output FL.
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Let y(r) = (1), y(t) = ¢@(2), and let the desired output and its time deriva-
tives be denoted y,(¥), y,(t), and j,(t) . If we choose u = %(w — f(x)),
p(x

where

2

f(x)= ih —tan x3)tan (xl))tan (x3)v

sin (x 1)
p(x) = —hcos( l)v,
w =, +ky (3,0 = 3®) + ky (v, = @) . (9.17)

E‘IW —

Then, by properly selecting k; and k,, the nonlinearities of the system are par-
tially canceled.

Remark 2. It is worth highlighting that the objective of FL in (9.17) is to push
the nonlinear dynamics of the system toward linearity. The stability of the over-
all system will be achieved by the outer loop data-driven controller. Therefore,
there is no necessity to investigate the stability of the internal dynamic or to
select ki and k, in a way that stabilizes the observable dynamics. However,
choosing k,; > 0 and k, > 0 to satisfy the Routh—Hurwitz stability criterion of
the linearized system makes the sampling phase smoother.

Since (9.16) does not perfectly represent the actual system, applying (9.17)
results in the presence of nonlinearities in the data sampled from the multibody
model of the bicycle. Furthermore, perfect knowledge of the system and all the
system’s parameters is rarely available in practical applications. Therefore, we
consider the mismatches, as listed in Table 9.1, between the parameters used
in the multibody model and the control law. Throughout the paper, we choose
the feedback gains in (9.17) to k; = 10 and k, = 10. Optimization of these
parameters could improve the results, however, it is out of the scope of this
paper.

As depicted in Figure 9.3, we propose the implementation of FL, intro-
duced in (9.17), as the inner control loop responsible for mitigating the non-
linear behavior of the system through the control signal u,(f). We consider our
autonomous bicycle and the FL controller, depicted by the gray rectangle in the
figure, as a new black box, for which we aim to design a data-driven controller.
During the first T samples, we position the switch in (a) to enable the trans-
mission of the persistently exciting signal wy.7_;y to the system as the control
signal of the outer loop, u,(#). Subsequently, we position the switch in (b) and
apply the designed DPT state-feedback controller u, () = uppr(k) = Kx(k)
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using (9.13). The feedback linearization control in the inner loop reduces the
nonlinearities of the autonomous bicycle, bringing the overall system closer to
linearity. Consequently, we anticipate that data-driven results should fit better,
leading to improved outcomes compared to the results presented in Figure 9.1.
It is important to notice that the control signal, u(¢), is the summation of the
inner and outer control signal, u(f) = u,(¥) + u,(¢).

9.3.2 Simulation setup

To evaluate our proposed control setting, we employ a multi-body simulation
model of an instrumented bicycle [18]. The instrumented bicycle is initially
designed using SolidWorks and subsequently imported into Mathworks Sim-
scape. Two revolute joints connect the rear wheel and the front wheel to the
bicycle’s frame and fork, respectively, as depicted by 1 and 2 in Figure 9.2.
Additionally, a third revolute joint connects the fork to the frame, highlighted
as 3 in the figure, and is actuated using the proposed controller.

To model the steering dynamics, including the steering motor, in the multi-
body simulation we employ a step response matching procedure [18]. The re-
sulting transfer function, from the input, u(z), to the steering rate, (1), is

_ 100+

H ,
T

(9.18)
and is incorporated in series with the bicycle model, as illustrated in Figure 9.3.
The gray rectangle in the figure illustrates the system that is treated as a black
box when sampling data between the points u,(k) and x(k). The switch in the
figure represents the setup of the system when we sample data (a) and when the
DPT control stabilizes the system in a feedback loop (b). The normal force be-
tween the tires and the ground is modeled with a stiffness of 10°N/m, a damping
coefficient of 103N/(m/ s), and a transition region width of 10~*m. In addition,
we utilize a smooth stick-slip method to model the friction between the tires
and the ground. This method incorporates static and dynamic friction param-

Table 9.1: Actual and estimated parameters of the instrumented bicycle.

Geometric parameters

Parameter Symbol Unit Real value Estimated value
CoG w.rt. P; (x) a m 0.473 0.550
CoG w.rt. P (2) h m 0.515 0.700

Wheelbase b m 1.080 1.200
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Figure 9.2: Instrumented bicycle with three revolute joints highlighted as 1, 2 and 3.
P, represents the contact point between the rear wheel and the ground.

x(k)

u(r) ()| SimscapeX()
‘

Linearization

uppr(k) = Kx(k)

[ (k). @,(K). 8,(k)]

Figure 9.3: Block diagram of the control system that consists of an inner loop with
a FL control producing u;(#), and an outer loop DPT control that provides u,(#) when
the switch is in position (b). The DPT control is designed after T' sampling steps, with
the switch in position (a), by solving (9.13). The overall control input is u(z), where
u(?) = w;(?) +u, (7).

eters of 0.9 and 0.75, respectively. The critical velocity, which determines the
friction parameter to consider, is set to 10™>m/s.

Let @(k) and 6(k) denote the bicycle lean and steer angles at time step k,
respectively. The control signal, u,(k) represents the control input to the system
highlighted in gray in Fig. 9.3, and is utilized to stabilize the bicycle by steering
in the direction of the lean angle. The simulation is initialized with zero steer
and lean angle, i.e., 6(0) = 0 and @(0) = 0, along with a forward velocity
of 8 km/h. It is worth noting that this velocity is below the so-called self-
stabilization speed of the bicycle [19]. As a result, without proper actuation,
the bicycle would inevitably fall over.
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9.3.3 Data collection

We explore two scenarios, related to the states that we sampling data from in
our study,

e Scenario 1: x(k) = [@,(k), @,(k), 5,(k)],

o Scenario 2: x(k) = [@,(k), d,(K), 8,(k), ¥ 0, (i)Y',

where @,(k), ¢,(k) and 6,(k) denote the difference between the lean angle,
lean rate, and steering angle, with the desired values, respectively, i.e. @, (k) =
@,(k) — @(k). Furthermore, Zf:o @,(i) is the sum of the lean angle error. In
the first scenario, as proposed for designing the model-based LQR controller
in [18], we assume that the state vector consists of [¢,(k), ¢,(k),5,(k)]’. Tt is
important to note that we implicitly assume the order of the autonomous bicy-
cle system to be 3 in this scenario. The exact order of the system is a crucial
parameter, typically assumed to be known in published articles in the field of
data-driven control, as authors often start their simulations based on a known
mathematical model. However, practical systems generally have more actual
states than their simplified mathematical models account for. These neglected
states, along with disturbances in (9.9), which include both nonlinearities and
actual system disturbances, can degrade the performance of the control sys-
tem and lead to steady-state errors. To address this undesired behavior, we
introduce an additional state, denoted as 25;0 @,(i), in the second scenario.
This approach draws inspiration from linear control theory, where proportional
feedback of the integral of the error is commonly employed to compensate for
steady-state errors [20].

Data were sampled at a rate of 100Hz from experiments conducted at a
constant velocity of 8 km/h. Two datasets were collected, with the first dataset
sampled from the unstable system without FL , i.e u;(¢) = 0. In this system, the
input signal was a sinusoidal function, represented as w.p_j, = % cos((9 —
0.41)t) deg/s. This choice was motivated by the highly unstable nature of a
bicycle at low velocities, making it necessary to gather sufficient data to capture
the primary dynamics of the bicycle.

In the second dataset, when the system is initially stabilized using FL,
the restrictions on the input signal can be neglected. Instead, an input signal
Uyg.7—1y sampled from a uniform distribution V'(—1.5, 1.5) rad/s is utilized.
For both datasets, we considered 120 samples, as shown in Figure 9.4, for con-
trol design. It is important to note that both of our proposed data collection
settings ensure that the input signal remains persistently exciting, satisfying
the condition in (9.2). The dataset from the unstable system was used to design



116 9.4. Numerical Results

Sampled datasets (Ujo 11, X[0.77> X[1.74+17)

u [deg / s]

@, |deg|

-0.5 1

@, [deg/s]

b, [deg]

Y @, [deg]

0.25 0.5 0.75 1

Time [s]

’ —  DPTu—— FL+DPT u — DPT x —— FL+DPT x ‘

Figure 9.4: Collected data from the control signal, u, at the top followed by the four
states @,, @,, 8, 2, @, respectively.

the DPT control, whilst the second dataset, from the stable system, was used to
design the feedback linearization
DPT (FL+DPT) control.

9.4 Numerical Results

In the simulation, the bicycle maintains a constant forward velocity of 8 km/h
and tracks a reference lean angle. The reference lean angle, represented by
a black dashed line in Figure 9.5, consists of two sections. The first section
features a sinusoidal pattern, @, = 3”—6 sin(f) deg/s, followed by a section with a
constant lean angle of zero degrees. Both ¢ and 6 track a reference of zero.
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Scenario 1 Scenario 2

Time [s] Time [s]

—— DPT —— FL+DPT ---- Ref. lean

Figure 9.5: Tracking comparison of DPT and FL+DPT in Scenario 1 and Scenario 2.
The roll angle is presented in the plots at the top of the figure, and the steering velocity
input at the bottom of the figure.

To solve (9.13) for various combinations of y and T, we employed
CVX [21]. In Figure 9.5, a comparison is presented between the two different
controllers and the two scenarios. The performance displayed in Figure 9.5
is based on 120 historical samples from Scenario 1 to design DPT and 120
historical samples from Scenario 2 to design FL+DPT?. For both controllers,
we used y = 10715, Table 9.2 reports the corresponding feedback gain
matrices, defined by:

Scenario 1: K =Tk, kpo ks 1,

Scenario 2: K= (g, kg ks k1. (9.19)

To investigate the impact of y in (9.13) and 7', an extensive simulation
study was conducted for both Scenarios 1 and 2. The simulations encompassed
five distinct values for y in (9.13). For each scenario, and each value of y, 10
different sample sets, T;,7,, ..., T}y, was considered where each sample set
increased by 12 samples, i.e., T} = 12,7, = 24, ...,T;, = 120. The compar-
ison of results, illustrated in Figure 9.6, focused on evaluating the Integrated

Shttps://youtu.be/z6_i4nLCoXk
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Table 9.2: Resulting gains for the different controllers with y = 10715 and T = 120.

K

kwe k(pe k6€ kZ ¢€
DPT
Scenario 1 -43.8419  -1.4154  -3.7688 —
Scenario 2 -45.9845  -2.4332  -2.9955 -0.2471

FL+DPT
Scenario 1  -140.0391 -10.2119 8.2020 —
Scenario 2 -165.1003 -11.6436 9.9205 -4.4944

Squared Error (ISE) between the lean angle and the reference lean angle, i.e.

k
ISE(k) = ) (9(D) ~ @,(1))". (9.20)
i=0

ISE values larger than the set threshold of 1, are truncated to 1 and marked with
an = in Figure 9.6. This indicates that the controller was not able to stabilize
the bicycle or that the LMI in (9.13) were unfeasible, resulting in no feedback
gains.

9.4.1 Discussion

The simulation results presented in Figure 9.5 demonstrate the effectiveness
of both DPT and FL+DPT controllers. Remarkably, these controllers, relying
solely on 120 samples of input and output data, not only balance an autonomous
bicycle but also successfully track a nonzero reference lean angle with small de-
viations. The effectiveness of the proposed method of adding FL is clear when
comparing the results in Figure 9.1 with Figure 9.6. By adding FL, based on a
simplified model with errors in the parametric estimation, the performance in
terms of the ISE is improved for almost all combinations of y and T'. Moreover,
Figure 9.6, for T > 48 the performance variations between different values of
y are very small in both scenarios, thus, increasing the reliability compared to
the results in Figure 9.1, where the DPT controller was design from data ac-
quired from the unstable system. From Figure 9.6 it is also evident that the
results from the initially stable system using FL, highlighted by the yellow line
in the figure, are improved by adding DPT for T" > 48. Furthermore, the results
in Figures 9.5 and 9.6 clearly show that by adding a fourth state, Zfzo @),
the performance further improves. In practical applications, finding the exact
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—y=10% —y=10°% —y =108
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Figure 9.6: Performance, in terms of the ISE, by applying FL+DPT. The top plot
shows the results from Scenario 1 when three states are considered in the sampling
process and the feedback loop. Scenario 2, given in the bottom plot, shows the results
when a fourth state, Zf:o @,(i), is added to the control design.

order of a system can be challenging [22]. As a result, in practice, we typically
measure or estimate a reduced-dimensional vector of states and implicitly as-
sume that the system’s order is limited to them. However, it is clear from the
presented results that it can be sensible to modify the number of states.

Moreover, Lemma 9.1 along with (9.2) implies that only 7 samples in Sce-
nario 1 and 9 samples in Scenario 2 might be sufficient to obtain a stabilizing
controller. However, the outcomes illustrated in Figures 9.1 and 9.6 reveal that
designing a data-driven feedback controller based on a limited set of historical
samples can potentially compromise the stability of practical systems. As a re-
sult, it is advisable to refrain from relying solely on a small subset of historical
samples that may not fully capture the nonlinear characteristics and complexi-
ties of a system.
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9.5 Conclusion

In this paper, we utilize FL based on an imprecise and simplified point mass
model of a bicycle. The primary objective is to mitigate nonlinearities while si-
multaneously achieving system stability, which simplifies the process of acquir-
ing input/output data. Subsequently, we regard the bicycle, initially stabilized
by FL, as a new system for which we have limited information. We treat it as a
black box, and our goal is to develop a nonlinear direct data-driven controller
for its regulation. To evaluate the performance of the approach, numerous sim-
ulations are conducted using a realistic Solidworks model of an autonomous
bicycle. The results indicate that our proposed method enhances overall out-
comes and makes the control approach more reliable across a broader spectrum
of parameter choices.

Future research directions include conducting experimental evaluations of
the proposed approaches on the instrumented bicycle. Additionally, the re-
sults presented in this paper can be extended by exploring the path-tracking
capabilities of an autonomous bicycle using data-driven control. Moreover,
recognizing the inevitability of the bicycle encountering various working con-
ditions during its operation (e.g., different wind speeds, road conditions, etc.),
and exploring dynamical data-driven designs that allow for online updating of
the controller are beneficial.
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Abstract

This paper presents a unified control framework that integrates a Feedback
Linearization (FL) controller in the inner loop with an adaptive Data-Enabled
Policy Optimization (DeePO) controller in the outer loop to balance an au-
tonomous bicycle. While the FL controller stabilizes and partially linearizes
the inherently unstable and nonlinear system, its performance is compromised
by unmodeled dynamics and time-varying characteristics. To overcome these
limitations, the DeePO controller is introduced to enhance adaptability and
robustness. The initial control policy of DeePO is obtained from a finite set
of offline, persistently exciting input and state data. To improve stability and
compensate for system nonlinearities and disturbances, a robustness-promoting
regularizer refines the initial policy, while the adaptive section of the DeePO
framework is enhanced with a forgetting factor to improve adaptation to time-
varying dynamics. The proposed DeePO+FL approach is evaluated through
simulations and real-world experiments on an instrumented autonomous bicy-
cle. Results demonstrate its superiority over the FL-only approach, achieving
more precise tracking of the reference lean angle and lean rate.
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10.1 Introduction

An autonomous bicycle is a bicycle, equipped with electric motors, sensors,
algorithms, and control systems that allow the bicycle to navigate and operate
without human intervention. Autonomous bicycles are an exciting area of re-
search and development with numerous potential applications that can improve
transportation, safety, and efficiency. In bicycle-sharing systems, autonomous
bicycles can enhance the user experience by autonomously traveling to a person
who has requested one, eliminating the need for individuals to walk toward the
bicycle [1]. Additionally, autonomous bicycles can streamline fleet manage-
ment by enabling bicycles to autonomously navigate to charging stations for
recharging. This eliminates the need for operators to manually collect, load,
and transport bicycles to charging stations, making the process more efficient.
Similar applications of the self-balancing feature of autonomous bicycles in-
clude steering assistants for individuals with limited physical capabilities [2],
among others.

Another notable application of autonomous bicycles is their ability to re-
place conventional bicycles in test tracks for evaluating the performance of var-
ious autonomous safety features in vehicles. Bicycles are often forced to share
road segments with other motorized vehicles, which places cyclists at a higher
risk of injury [3]. One way to reduce the risk is to use autonomous emergency
braking (AEB) and autonomous emergency steering (AES) systems in motor-
ized vehicles. The sensors in the vehicles detect and classify vulnerable road
users (VRUs), including pedestrians and cyclists, and brakes or steers to avoid a
collision. When organizations like EuroNCAP evaluate the AEB and AES sys-
tems on test tracks, a bicycle target placed on a moving platform is utilized !.
Since the target is mounted on the platform, its movements are also constrained
by its linear motion. An autonomous bicycle, which can better represent a cy-
clist’s maneuvers and sometimes unpredictable behavior, would enhance the
testing area, thereby improving the reliability of safety tests in vehicles.

A bicycle is a nonlinear system that becomes self-stabilized at sufficient for-
ward speed but remains unstable at lower velocities [4]. A human rider can em-
ploy three different control actions to maintain bicycle stability: adjusting the
forward velocity, steering, and shifting their center of gravity to control the lean
angle. At fixed speeds, similar to human control of a bicycle, an autonomous
bicycle can be balanced either by regulating the steering angle [5, 6, 7] or by
directly controlling the lean angle [8, 9]. However, the latter approach requires
mounting a flywheel or a moving mass on the bicycle, significantly altering

Thttps://www.euroncap.com/en/vehicle-safety/the-ratings-explained/vulnerable-road-user-
vru-protection/aeb-cyclist/
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its appearance, which may be undesirable for certain applications, i.e., at test
tracks of safety features of vehicles, where it is important that the autonomous
bicycle resembles an ordinary bicycle. In addition, as revealed by Kooijman et
al. [10] and later confirmed by Moore et al. [11], controlling the lean angle
has only a minor effect on balance at typical riding velocities. Therefore, this
paper focuses on balancing the bicycle through steering control. Like human
control at relatively high speeds, the bicycle should be steered in the direction
of the fall, i.e., if it leans to the right, it must be steered to the right. Moreover,
balancing the bicycle through steering control offers a more energy-efficient
alternative than flywheels or a moving mass [12].

A wide range of control approaches have been proposed for balancing au-
tonomous bicycles based on the simple principle of steering in the direction
of the fall. For example, PID and LQR controllers have been designed based
on a linearized model around the upright equilibrium of the bicycle and are
evaluated around this equilibrium [6]. Both PID and LQR offer simple design
methodologies; however, as a natural consequence of linearization, their perfor-
mance may degrade as the system deviates from the equilibrium point used for
linearization. One way to address this drawback is using a nonlinear controller,
such as the sliding mode controller (SMC). The second order SMC proposed in
the work of Defoort et al. [7] is designed using a nonlinear point-mass model
of a bicycle and evaluated through both simulations and on an instrumented
bicycle riding on a bicycle roller. However, SMC may induce chattering in the
control signal due to the switching nature of the control law, potentially leading
to high actuation efforts from the motors [13].

Active disturbance rejection control (ADRC) is proposed in [14] to handle
unmodeled noise and disturbances. This control design is based on the so-
called Whipple model [4], a fourth-order model linearized around small lean
and steering angles. The model requires 25 physical parameters to be measured
or estimated from the bicycle [15]. The ADRC is first evaluated in simula-
tion using a detailed CAD model of their bicycle, imported into ADAMS, and
controlled through co-simulation with MATLAB. Next, experiments were con-
ducted. The results demonstrate that the bicycle can balance in both simulations
and on straight asphalt tracks under varying forward velocities. However, no-
ticeable oscillation was observed in both the lean and steering angles. Robust-
ness against speed variations and disturbances is also considered in the recent
work of Yeh et al. [5], in which a linear-parameter-varying (LPV) controller is
designed based on a point mass model of a bicycle [16]. The controller was
evaluated in both simulations and experiments conducted on an instrumented
bicycle.

However, all these control methods rely heavily on an accurate system



Paper D 127

model. While in practice, the mathematical models of autonomous bicycles
are reasonably well understood [4, 17], the uncertainties, such as external dis-
turbances (e.g., wind, street slope), and internal variations (e.g., changes in
friction, mechanical and electrical couplings, and shifts in the center of grav-
ity), can significantly degrade the performance of model-based approaches over
time.

There are also direct approaches to bicycle control design that bypass the re-
quirement of an explicit model. A notable instance is policy optimization (PO),
an essential approach of modern reinforcement learning (RL) [18, 19, 20]. By
computing the policy gradient from system trajectories, the PO updates the
control policy with gradient descent methods. The work by Choi et al. [18]
employs Deep Deterministic Policy Gradient (DDPG) to learn a policy for con-
trolling the bicycle’s speed, lean angle, and steering torque. This approach is
evaluated on a nonlinear bicycle model; however, its real-world transferability
is not tested in [18]. The work by Tuyen and Chung [19] evaluates DDPG on a
miniature bicycle. However, the limited computational power of the hardware
is insufficient for the control algorithm. Another deep RL algorithm is pro-
posed for stabilizing a Whipple model of a bicycle and tracking a predefined
path [20]. While the bicycle is balanced at varying velocities, they require
time-consuming training and lack experimental validation.

Recently, there has been a growing trend of direct data-driven control meth-
ods motivated by behavioral system theory and subspace methods [21, 22, 23,
24, 25, 26]. For example, the seminal work [22] proposes a data-based param-
eterization for linear systems and reformulates the LQR problem as a convex
program with a batch of persistently exciting data. Thus, the optimal LQR
gain can be found without any explicit model or identification. To enhance
adaptability, our previous work [27, 28] proposes a covariance parameteriza-
tion for the LQR problem, based on which a data-enabled policy optimiza-
tion (DeePO) method is developed to learn the LQR gain directly from on-
line closed-loop data. In contrast to the previous policy optimization methods
[18, 19, 20] that require multiple long trajectories to compute a single policy
gradient, the DeePO method uses the covariance of online data to update the
policy sample-by-sample. Besides its sample efficiency, the DeePO method is
also computationally efficient, performing only a single step of gradient descent
to update the policy per time step. Under persistently exciting input, the DeePO
algorithm is shown to have non-asymptotic convergence guarantees to the op-
timal LQR gain. The covariance parameterization or the DeePO method has
been extended to linear parameter-varying control [29], model-reference con-
trol [30], output-feedback control, and validated in a power converter system
via simulations [31].
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This paper proposes a unified DeePO framework for nonlinear bicycle con-
trol. To deal with the nonlinearities, we first design an output feedback lin-
earization (FL) controller using well-established parametric bicycle models.
This controller partially cancels the nonlinearities of the bicycle system while
simultaneously stabilizing it. It is important to note that although the current
state-of-the-art bicycle models are accurate, the model-based controllers may
fail to achieve the desired performance due to unmodeled dynamics, parametric
uncertainty, various disturbances, and time-varying dynamics (e.g., wind, vary-
ing friction in different environments, mechanical wear and tear, and coupling
aging). To compensate for these disturbances and uncertainties, we integrate a
DeePO controller on top of the FL layer. This allows us to adaptively fine-tune
the feedback gains and effectively handle time-varying dynamics, disturbances,
and unmodeled effects. Our approach is evaluated on both a realistic multi-
body dynamic model of the bicycle and in hardware experiments conducted on
an instrumented bicycle in an indoor environment.

To the best of our knowledge, this study is the first to report a real-world
implementation of DeePO. While previous works have explored DeePO in sim-
ulations [28, 31], our study demonstrates its feasibility in a practical setting,
validating its effectiveness in handling real-world nonlinearities, uncertainties,
disturbances, and unmodeled dynamics. This contribution marks an impor-
tant step toward bridging the gap between theory and real-world deployment
of adaptive data-driven control methods.

10.1.1 Statement of Contributions

The contributions of this paper are summarized below.

e We introduce a unified control framework, combining FL. with DeePO,
for controlling a nonlinear autonomous bicycle.

e We integrate a forgetting factor into the conventional DeePO framework
to effectively handle time-varying dynamics.

o This study is the first to apply DeePO in a real-world case study, specifi-
cally showcasing its effectiveness in controlling a bicycle through steer-
ing.

e Through both high-fidelity simulations and hardware experiments, we
demonstrate that updating the feedback gains at every iteration of the
DeePO algorithm’s execution is not necessary. In fact, updating the feed-
back gain in DeePO with lower frequencies can still maintain or even
improve control performance.
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10.1.2 Organization

The rest of the paper is organized as follows: Section 10.2 formally states the
control problem and provides an overview of our unified control framework.
Section 10.3 outlines the details of the DeePO algorithm, including a regular-
izer for the initial policy and incorporating a forgetting factor into the frame-
work. Section 10.4 presents the simulation and experimental results. Finally,
Section 10.5 presents the concluding remarks.

10.1.3 Notation

We use I, to denote the n-by-# identity matrix. We use p(-) to denote the spec-
tral radius of a square matrix. AT, Tr(A), and AT represent the transpose, trace,
and pseudoinverse of matrix A, respectively. We use diag(a, b, ..., ¢) to denote
a diagonal matrix with diagonal elements being a, b, ..., c. The 2-norm of ma-
trix A is denoted ||A||. We denote the continuous-time signal x with x(¢) and
discrete-time with x;,.

10.2 Autonomous bicycle control

This paper addresses the problem of designing a unified control method for
balancing an autonomous bicycle while tracking a reference lean angle. First,
we use a simple point-mass model to design an inner-loop FL control. Next,
DeePO enhances system performance by adapting feedback gains based on
input-output data from sensors mounted on the bicycle.

10.2.1 Bicycle Dynamics and Mathematical Modeling

We consider a simple nonlinear model to represent the bicycle dynamics as
in [32].

.. . a .

o(t) = S sin (p(1) + = cos ((1)) v (1)

h bh

1 1 ) (10.1)
— — —tan (6(¢)) tan t )tan o(t ,
(57 = 57 tan (6 tan (¢(0) ) tan (5)) 0
where (1), @(t), 6(t), and 6(¢) represent the lean angle, lean rate, steering an-
gle, and the controlled steering rate, respectively. The contact point between
the rear wheel and the ground is denoted by p,. Additionally, the vertical and
horizontal distances between the bicycle’s center of gravity and p; are denoted
by a and h, respectively. The wheelbase is denoted by b, while g represents
the gravitational constant, and v represents the forward velocity. This model
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Figure 10.1: Illustration of the parameters used in the bicycle model in (10.1).

assumes a vertical steering axis, i.e., v = %, which results in zero trail. Further-
more, it is assumed that the steering axis can be controlled without delay and
that the bicycle travels at a constant forward velocity. The visual representation
of the parameters in (10.1) is shown in Fig. 10.1.

A bicycle is self-stabilized between the so-called weave speed and capsize
speed. By analyzing the eigenvalues of the Whipple model and identifying
the region where they are all negative, the self-stable region of a bicycle can
be localized [15]. A similar eigenvalue analysis for the instrumented bicycle
considered in this paper was previously conducted, where the 25 parameters re-
quired for the Whipple model were measured [33]. Based on this analysis, we
focus on forward speeds of approximately 8 km/h (2.22 m/s), below the weave
speed, as shown in Fig. 10.2. Thus, the system we aim to control is open-loop
unstable, nonlinear, and non-holonomic, presenting a challenging control prob-
lem. Due to the system’s inherent instability, applying a persistently exciting
input without additional stabilization can lead to a loss of balance and cause
the system to diverge. Specifically, an uncontrolled persistently exciting input
could destabilize steering actions, such as turning left while leaning right, mak-
ing it impractical to rely solely on such input for collecting persistently exciting
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Figure 10.2: Stable and unstable regions of the instrumented bicycle, with the weave
speed and capsize speed denoted by v,, and v,, respectively.

data. In the following, we present an FL controller that balances the bicycle,
simplifying the acquisition of persistently exciting data and mitigating some of
the system’s nonlinearities.

10.2.2 Control overview

A common approach for realizing a persistently exciting input is to utilize a
random signal [34]. However, this approach is not directly applicable as it
jeopardizes the bicycle’s balance. Instead, we pre-stabilize the bicycle with an
inner control loop using FL. Since the relative degree between the output and
the number of states in the model given by (10.1) does not match, the system
can only be partially linearized using output FL [13].

If we choose x = [x, X5, x3] = [0®), @@, 60, y®) = @),
¥(¥) = @(1), and represent the reference output as y, = [y,(¢), (1), ¥.()], we
can express the considered FL control law as:

u(t) = () = ——(w — f(x)). (10.2)
p(x)
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where
flo)=- (# %ta (x3) tan (xl)) tan (x;)v?
(o)
px)=— cos ( )
w= yr<f> +ky (30 = 30) + ky (0 = y®) ., (10.3)

with appropriate choices of k; > 0 and k, > 0 to partially compensate for the
system’s nonlinearities. However, the steering angle 6(¢) remains an internal
state that is not directly linearized, meaning some nonlinear dynamics persist.
In particular, terms involving tan(6(¢)) introduce coupling effects that remain
even after feedback linearization. Additionally, since the steering angle evolves
according to u = &, it can drift over time uncontrolled, requiring further reg-
ulation to prevent undesired effects on system stability. Furthermore, the pro-
posed FL controller is designed based on continuous-time dynamics, with the
model and control parameters provided in (10.1) and Table 10.1, respectively.
However, in practice, we implement it using a sampled-data approach with a
hold mechanism, which may introduce inaccuracies and lead to performance
degradation due to the discrete nature of the implementation. This discrete ap-
proach may not fully capture the continuous dynamics of the system [35, 36].
Moreover, parameters in (10.2) and (10.3) are subject to parametric uncertainty,
resulting in an inaccurate canceling of nonlinearties. Nevertheless, we demon-
strate that the potential limitations of the FL controller can be mitigated by
incorporating DeePO.

The proposed FL controller functions as an inner control loop to stabilize
the bicycle, enabling the use of an additive random signal as either a persistently

Table 10.1: Model and control parameters for FL control

Parameter Symbol Value Unit
CoGwrtp, (X) a 0550 m
CoGwrtp (z) h 0.700 m
Wheelbase b 1.200 m
Gravity g 9.82  m/s?
k, - 1 -

ky - 6 -
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Figure 10.3: Control overview

exciting input or a performance enhancing adaptive control. In the remainder
of the paper, we consider the autonomous bicycle with FL as our target system
to control by DeePO, as highlighted by the gray box in Fig. 10.3. With this
stable inner-loop system in place, we shift our focus to enhancing performance
and compensating for the remaining nonlinearities using an adaptive, direct
data-driven control approach in the outer loop.

10.3 Data-enabled policy optimization for autonomous
bicycle control

This section first describes a brief overview of the linear quadratic regulator
(LQR). Then, we propose a data-enabled policy optimization with a forgetting
factor for adaptive learning of the LQR based on [27, 28].

10.3.1 The linear quadratic regulator

Consider a linear time-invariant system

X;.1 = Ax; + By, + w,
b= oz 0 x,| - (10.4)
t 0 R1/2 u,

Here, x, is the state, u, is the control input, w, represents the noise, and A, is
the performance signal of interest, (A, B) are controllable, and the weighting
matrices (Q, R) are positive definite.

The LQR problem aims to find an optimal state-feedback gain K € R"™"
that minimizes the H,-norm of the transfer function 7 (K) : w — h of the
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closed-loop system

(10.5)

When A + BK is stable, it holds that [37]
|7 (K| = Tr(Q + KT RK)Zg) =: C(K), (10.6)

where X is the closed-loop state covariance matrix obtained as the positive
definite solution to the Lyapunov equation

Y =1,+(A+ BK)Zg(A+ BK)'. (10.7)

We refer to C(K) as the LQR cost and to (10.6)-(10.7) as a policy parameteri-
zation of the LQR.

The optimal LQR gain K* is unique and can be found by, e.g., solving an
algebraic Riccati equation with (A, B) [37]. When (A, B) is unknown, data-
driven methods can be used to learn the LQR gain from input-state data. In the
sequel, we propose a covariance parameterization method for direct data-driven
learning of the LQR.

10.3.2 Data-driven covariance parametrization of the LQR with
exponential weighted data

Consider the #-long time series of states, inputs, noises, and successor states

X, i=|x0 x1 ... x| €R™,

Up, 1= [ug uy ... u_y] €R™, (10.8)
Wy, i=|wy w; ... w_]eR™,

X, =[x x ... x]eR™,

which satisfy the system dynamics
X, =AXy, + BUy, + Wy, (10.9)

Assume that the data is persistently exciting (PE) [21], i.e., the block matrix
of input and state data

Dy, = [gg’t] (10.10)
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has full row rank

rank(D,,) = m + n. (10.11)
Define the covariance of exponentially weighted data as
1 T
D, = ?DOJSADOJ, (10.12)

where A € (0, 1) is a forgetting factor and S, := diag{/l’_l, A2 ..., 1}. Com-
pared with [28], the forgetting factor here makes the weight of past data decay
exponentially, such that the sample covariance can also reflect and adapt to the
behavior of time-varying or nonlinear systems.

Since Dy, has full row rank and S, > 0, the covariance matrix is positive
definite, i.e., @, > 0. Then, for any gain K, there exist a matrix V" such that

1

n

[K] =,V. (10.13)

We refer to (10.13) as the covariance parameterization with exponentially
weighted data and to V' € RU+™*" a5 the parameterized policy.

With (10.13), the LQR problem (10.6)-(10.7) can be expressed by raw
data matrices (X, Uy,, X ,) and the optimization matrix V. For brevity, let
Xo, = Xo,8,Dg,/t and Uy, = Uo,S; Dy, /1 be a partition of @,, and let
WO,, =Wy:S; D(L /1 be the noise-state-input covariance, and finally define the

covariance with respect to the successor state as YU = Xy,S ADJ /1. Then,
the closed-loop matrix can be written as

10.13 109) — —_
A+ BK = [B, A] [ﬂ LB A0y 2 X, - WV, (1014
n

Following the certainty-equivalence principle [38], we disregard the unmea-
surable WOJ for the design and use YIJV as the closed-loop matrix. After
substituting A + BK with YUV in (10.6)-(10.7) and leveraging (10.13), the
LQR problem becomes

T —
minimize J,(V) 1= Tr ((Q + VTUOIRUO,V)Z,(V)> :

v a0 (10.15)
subjectto X,V =1,

- —T
where £,(V) = I, + X, ,VE(V)V" X, is a covariance parameterization of

(10.7), and the original gain matrix can be recovered as K = ﬁo’,V. We refer
to (10.15) as the covariance-parameterized LQR problem, which is direct data-
driven and does not involve any explicit SysID.
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10.3.3 Data-enabled policy optimization for adaptive LQR control
with exponentially weighted data

In previous work [27, 28], a data-enabled policy optimization (DeePO) method
for direct adaptive learning of the LQR was proposed, where the control policy
is parameterized by sample covariance and updated recursively using gradient
methods. In this subsection, we propose a DeePO algorithm based on our co-
variance parameterization with exponentially weighted data (10.13), detailed
in Algorithm 10.1.

Algorithm 10.1 alternates between control (line 2) and policy update (lines
3-6). The DeePO algorithm uses online gradient descent of (10.15) to recur-
sively update V. At time ¢, we apply the linear state feedback policy u, =
K, x, + e, for control and observe the new state x,, |, where e, is a probing noise
used to ensure the PE rank condition (10.11). To update the policy, we first use
(X041, Uo 141> X1 441) to formulate the covariance-parameterized LQR prob-
lem (10.15). Then, instead of solving this optimization problem optimality,
we only take a single step of projected gradient descent towards its solution in
(10.23). Here, the projection

—

g =L = Xg,0 Xos (10.16)

Xoe+1 ntm
onto the nullspace of ?0’, +1 18 to ensure the subspace constraint in (10.15).
Define the feisible set of (10_. 15) (i.e., the set of stable closed-loop matrices) as
S, =V | X,V =1,p(X,,V)<1}. Then, the gradient can be computed
as follows.

Lemma 10.1 ([28]). For V € S, the gradient of J,(V') with respect to V' is
given by
-7 — T —
VI,() =2 (Ug,RU,, + X, BX 1, ) VWD), (10.17)

where P, satisfies the Lyapunov equation
7" 7T ™' p¥
P=0+V Uy RU,V+V X PXV. (10.18)

Algorithm 10.1 is direct and adaptive in the sense that it directly uses online
closed-loop data to update the policy. Thanks to the forgetting factor, it can
rapidly adapt to changes in system behavior reflected in the data. As in [28],
Algorithm 10.1 can also be implemented recursively. We write the sample
covariance recursively as

ph 1 c

iy = Pt 0 (10.19)
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where ¢, = Nl

satisfies

. By the Sherman-Morrison formula [39], its inverse <I>t‘ +11
q)_ld) (]’)T(D_l

Uy (P B B (10.20)
At M+ ¢ D7 g,

Furthermore, the rank-one update of the parameterized policy is given by

-1 Th—1
V.o = t+1 o O, @, oV
t+1 t t t+ (]’);rq)t_1¢t t"¢

q)_ld) ¢TV/
S T
A+ T,

where <I>I_1 and V' are given from the last iteration.

Remark 3. Using the forgetting factor A may asymptotically lead to failure of
the rank-one update as time tends to infinity. To see this, we notice that the
covariance update in (10.19) satisfies stable linear dynamics. This implies a
loss of persistency of excitation and ®, will tend to zero, and hence @t_l will
grow to infinity. A simple remedy is to reset the covariance A\, occasionally,
ie,setN, =1,.,.Vte{T,2T,.. }. Sincetheautonomous bicycle operates
only for a finite time, we do not reset the covariance in our subsequent experi-
ments in Section 10.4. Another approach is to use sliding window data rather
than exponentially weighted data for the covariance parameterization (10.13),
where a key is to select an optimal window size to balance data informativity
and adaptation efficiency. We leave this exploration to future work. ]

Remark 4. The stepsize n, should be set according to the signal-to-noise ratio
(SNR) of online data. For example, when the SNR is large, we are confident
with the gradient direction, and the stepsize can be chosen more aggressively;
on the contrary, when the SNR is small, the stepsize should be small to prevent
the policy from moving out of the stability region. To this end, we set the stepsize
as

1> 1, (10.22)

HUOI XOt

where 1 is a constant, and the denominator is used to quantify the SNR. An-
other motivation of the denominator is from [40, Lemma 3], which reveals the
equivalence between data-enabled and model-based policy gradients up to the

= —T
data matrix UO,tHYOJ Uy, [
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Algorithm 10.1 DeePO for direct adaptive LQR control
Require: Offline data (X, , Uy, , X, ), an initial policy K; , and a stepsize
n.

1: fort=1y,1,+1,... do
2 Apply u, = K,x; + ¢, and observe x, .
3: Update covariance matrices @, ; and Yl’, -
4 Policy parameterization: given K|, solve V; via
Vii = q);.ll [II{I] .
n

bl

Update of the parameterized policy: perform one-step projected gra-
dient descent
Vft—l =V — ’71H70J+1VJ1+1(VI+1)’ (10.23)

t

where the gradient VJ,;(V,, ) is given by Lemma 10.1.
6: Gain update: update the control gain by

77 !
Kr+1 - U0,1+1V,+1~

7: end for

Algorithm 10.1 requires the initial policy to be stabilizing. A potential ap-
proach is to solve the covariance-parameterized LQR (10.15) with the offline
data (X, Uy, X1,,)- However, due to the nonlinearity in the system dynam-
ics of the autonomous bicycle, the solution of covariance-parameterized LQR
may be destabilizing. Next, we propose a robustness-promoting regularizer for
the covariance parameterization to obtain a stabilizing initial policy.

10.3.4 Learning an initial stabilizing policy using robustness pro-
moting regularization

The feasibility of the covariance-parameterized LQR problem (10.15) depends
on that of the Lyapunov equation

— —T
T=I,+X,VIV'X,, (10.24)

where 71 V is regarded as the closed-loop matrix. However, having assumed
certainty-equivalence by the covariance parameterization (10.13) and the re-
lation A + BK = (X; — W)V, the Lyapunov equation that should be met
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is
S=I1,+(X, -WVEVT (X, -W,'. (10.25)
The gap between the right-hand side of (10.24) and (10.25) is

— =T — =T = =T
WVEV W, -WVEVTX, - X VIV W,
1

= SWoDg VIV D, (10.26)

— t%(VVODgVZVTDOXIT + X, DyVEVTDW,).

To reduce the gap, it suffices to make Tr(DgVZVTDO /1) small. To this end, we
introduce the regularizer Tr(VZV T®) to the covariance-parameterized LQR
problem (10.15), leading to
minimize J,(V') + yTe(VEV T ®),
V.220
. o (10.27)
subjectto £=1,+ X, VIV'X,, X,V =1,

with gain matrix K = UV, where y > 0 is the regularization coefficient.
We refer to (10.27) as the regularized covariance parameterization of the LQR
problem.

To obtain an initial stabilizing policy for Algorithm 10.1, we solve (10.27)
with offline data (X, , Uy, , X ,)-

10.3.5 Control gain update rate

Rapid changes in an adaptive control policy, K, can potentially induce oscil-
lations and, in the worst case, render the system unstable [41]. Moreover, the
control policy at certain time intervals may be significantly influenced by mea-
surement noise, meaning that updates could be driven more by noise than by
the actual system dynamics.

To address these potential issues, we propose updating the DeePO control
gain less frequently than the sampling frequency. To regulate the update fre-
quency, we introduce the parameter £, which determines the intervals at which
the controller in line 6 of Algorithm 10.1 is updated. For instance, if & = 1,
the control gain is updated at every iteration, whereas if & = 100, the gain is
updated every 100 iterations.

10.4 Simulations and experiments

In this section, we first provide details of the instrumented bicycle used in the
experiments. Next, we describe the simulation setup, followed by the results
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obtained from the simulations. Finally, we present the details of the experi-
ments and the corresponding results.

10.4.1 Instrumented Bicycle

The bicycle we consider in experiments is a men’s model of an electric bi-
cycle, as shown in Fig. 10.4. The factory-installed rear wheel motor and the
battery mounted on the main frame are used to drive the bicycle forward. The
rear wheel is controlled through a Phoenix Edge HV 60 AMP Electronic Speed
Controller (ESC), and the rear wheel velocity is estimated using 12 evenly dis-
tributed magnets on the rear wheel and a Hall sensor. A PI controller is man-
ually tuned to maintain an approximately constant forward velocity. An Xsens
MTi-7 GNSS/INS at the bottom bracket shell measures the lean angle and rate.

Furthermore, a Dynamixel XH540-W270-T servo with a cog belt is
mounted on the bicycle’s main frame to control the handlebar. The servo
is controlled through a velocity command, u, = &, rad/s, using an integer
between —167 and 167 with a resolution of approximately 0.024 rad/s per
unit. The control signal is saturated at +4 rad/s. The control algorithms are
implemented, and the data is processed using ROS2 Humble running on a
Raspberry Pi 4b with Ubuntu 20.04. Finally, a radio controller (RC) lets the
operator send wireless commands to the RC receiver mounted on the bicycle.

10.4.2 Simulation setup

A CAD model of the instrumented bicycle was designed using SolidWorks.
The CAD model is imported into MathWorks Simscape and controlled through
Simulink. The rear and front wheels are connected to the mainframe through
revolute joints, where the rear joint is actuated and given a constant speed cor-
responding to a forward velocity of 8 km/h. A third revolute joint connects
the steering axis to the bicycle’s mainframe and is actuated through the con-
trol signal u(t) = 6(¢). The steering dynamics are modeled using an identified
steering step response matching procedure [6], from the control signal u(¢) to
the steering rate 6(¢) the resulting transfer function is:

100 + s
H(s) = .
)= =00

The transfer function is placed in series with the bicycle model, as shown in
Fig. 10.5. The control signal is saturated at +4 rad/s. The figure also highlights
that the input signal, u,, is composed of two parts. First, an inner loop control
signal u;' from the FL controller with the parameters given in Table 10.1, and
second, an outer control loop signal u? which originates from a persistently

(10.28)
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Figure 10.4: Instrumented bicycle used in the experiments.

excited input uf E = N(0,0pf) with 6pr = 0.2 rad/s when the switch is
in position «, and from DeePO when the switch is in position f. The lean
angle, lean rate, and steering angle measurements are induced with zero-mean,
normally distributed noise using 6, = 65 = 0.5 deg and o, = 0.5 deg/s. The
forward velocity is set to a constant value of 8 km/h.

The tracking error is used as the state vector, i.e., x; = [@] — @,, @} — @17
The state variables and the persistently exciting input signal are sampled at
100 Hz. The same execution rate is used for DeePO and the FL controller,
generating a new control signal for the steering motor every 0.01 s.

An initial simulation is performed with the switch in Fig. 10.5 in position
a, and the bicycle tracks a lean angle reference ¢; = 0 and its derivative ¢; = 0
for 10 seconds. We collect T = 200 samples of the acquired data to construct
Uo7, Xo 7, X 7 using (10.8). An initial policy is obtained by solving the regu-
larized covariance-parameterized LQR problem (10.27) using CVX [42] with
Q = diag[1,0.01] and R = 10™*. Higher values of y promote robustness
against uncertainties in the system, while lower values prioritize performance.
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Figure 10.5: Control setup where the gray box represents the system controlled using
DeePO.

In our simulations, we set it y = 1, which balances robustness and performance
in our initial control policy.

Next, the switch in Fig. 10.5 is set to position f, and Algorithm 10.1 is
used to update the control policy at every time sample, i.e., £ = 1 and using a
forgetting factor A = 1 — 107#, and learning rate # = 10~3. To ensure a persis-
tently exciting input, the probing noise e, is a zero-mean normally distributed
random number, which is added to the DeePO output and constructs the input
to the system as:

ulDeePO — ulDeePO te, (1029)

where ¢, = N (0,0.2utDe‘?P 0). Moreover, the bicycle tracks a time-varying
reference, as shown in Fig. 10.6.

To evaluate the update rate for the gain update in Algorithm 10.1 (line 6),
multiple simulations are conducted where & varies while the rest of the param-
eters are kept fixed. Four different update rates for the gain update are consid-
ered: £ =1, 10, 50, and 100. Moreover, one simulation is conducted with only
the FL controller as a baseline. The forgetting factor is evaluated in a similar
fashion using A = 1—107¢ with ¢ = 0,2, 3,4, 5, 6, where { = oo corresponds
to a controller without a forgetting factor. In these simulations, the control up-
date rate is set to & = 1, and the rest of the parameters are kept at their initial
values. The performance of the controllers is evaluated using the integrated
squared error of the lean angle and the lean rate with respect to their respective
reference values:

t t
ISE, = ) (¢, — @))%, ISE, = Y'(¢, — ¥}’ (10.30)
i=0 i=0
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10.4.3 Simulation results

The results for tracking a reference lean angle and lean rate are given in the top
and middle plots of Fig. 10.6. The bottom plot represents the contribution of
the DeePO algorithm to the system’s total control signal. The update rate of
the control gain is £ = 1, i.e., the control gain is updated with every sample, in
Fig. 10.6. The results highlight the effectiveness of our unified control frame-
work using FL. and DeePO for tracking the reference lean angle, ¢}, and lean
rate, ¢;. The tracking is smoother, and the error is reduced compared to using
only FL, as shown in the top and middle plots of Fig. 10.6. This improvement
demonstrates DeePO’s ability to adapt and refine the control policy iteratively,
even under simulated nonlinear dynamics and sensor noise. The bottom plot
of Fig. 10.6 shows the contribution of DeePO to the total control signal and
highlights that DeePO complements the FL controller and enables fine-tuning
of the control signal online.

In Fig. 10.7, the control policy for different update rates with respect to
time is presented, and the corresponding ISE values are reported in Fig. 10.8,
together with the ISE values when using only FL. These results clearly show
that updating the control policy applied to the bicycle at every iteration of the
algorithm is unnecessary. In fact, the performance improves for some of the
lower update rates, i.e., higher values of £&. However, it is not obvious how
this parameter should be chosen, as for & = 10, the performance is slightly
worse than £ = 1. On the other hand, the performance is improved for & = 50
and £ = 100. However, a low update rate may reduce DeePQO’s adaptation to
fast changes in the system’s behavior, reducing performance in systems with
rapidly changing dynamics. Moreover, from Fig. 10.7, the control policy does
not seem to converge, which may be due short simulation horizon.

Finally, Fig. 10.9 presents the ISE values when the forgetting factor varies
while the remaining control parameters are kept fixed. The results show that
introducing a forgetting factor in DeePO may further enhance control perfor-
mance. An intermediate forgetting factor of A = 1 — 10~ yields the best per-
formance, while A = 1 — 1072 results in the largest ISE value. Though varying
& and A may offer performance enhancements, finding the optimal and likely
state-dependent values, for these parameters remains an area for future research.
Moreover, the consistency of the simulation results highlights the efficiency of
our unified control framework, which integrates FL. and DeePO under varying
circumstances.
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Lean angle (¢)

Time [s]

Figure 10.6: Tracking performance of the DeePO algorithm in simulation with & =
1. The top and middle plots illustrate the lean angle and rate tracking results for the
DeePO+FL setup and the FL-only approach. The bottom plot presents the total control
signal along with DeePO’s contribution.

10.4.4 Experimental setup

An initial experiment is conducted in which a dataset is collected from the sen-
sors and the control signal. Similar to the initial simulation, the FL controller
with the parameters from Table 10.1 together with a persistently exciting input
asupp = N'(0,0pf) are used as the input to the system, with 6 E = 0.2 rad/s.
Furthermore, we consider tracking of a lean angle and lean rate reference of
zero, and the tracking errors make up the states as in the simulation. The ex-
periments are conducted in an indoor warehouse building with a flat concrete
floor; see Fig. 10.10. The instrumented bicycle starts from a standstill, and the
operator starts the bicycle using a switch on the RC controller and assists in bal-
ancing the bicycle until it reaches its constant goal velocity of 8 km/h. Using
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Figure 10.7: Evaluation of the control policy in simulation over time with different
update rates of the control gain.
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Figure 10.8: Integrated squared error of the lean angle and lean rate for different values
of £ in simulation. The performance of only using FL is also included as a baseline.

a second switch on the RC controller, the experiment is initiated, and the per-
sistently exciting input, together with the FL controller, regulates the steering
velocity of the handlebar and, by extension, the bicycle’s balance. The Xsens
MTi-7 and the Dynamixel data are collected at a sampling frequency of 100
Hz on the Raspberry Pi. Algorithm 10.1 and the FL controller, implemented
on the Raspberry Pi, compute a new control signal every 0.01 s and transmit it
to the Dynamixel servo.

The sampled input and state data are post-processed in Matlab, where they
are used to construct Uy 1, X 7, X 7, with T = 300. Next, the initial policy
is obtained by solving (10.27) in Matlab, with Q = I,, R =0.01,and y = 1.
In the subsequent experiments, we set the forgetting factor and learning rate as
A=1-10"*and n = 1073, respectively. While y, A, and # are kept the same
in the experiments as in the simulation, the O, R, and T are changed in exper-
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Figure 10.9: Integrated squared error of tracking the lean angle and lean rate refer-
ences for different values of the forgetting factor in DeePO. The forgetting factor is
definedas A = 1—107¢.

iments. The increase in the number of data samples can be explained by the
idealized dynamics in simulation compared to experiments where, for instance,
mechanical imperfections, delays, and external disturbances are present. Thus,
a larger dataset ensures a more reliable estimation of the system’s behavior.
Moreover, the increase in the weight of ¢ in Q is justified by the sensor noise
and the need for robustness in experiments. Finally, in simulations, the res-
olution of the steering motor is neglected, and the complex dynamics of the
actuating steering system are not fully captured. Thus, we can allow for more
aggressive control actions using a lower value of R. On the other hand, in ex-
periments, the resolution of the motor limits the possible steering commands.
A larger R in experiments ensures a smoother, more physically feasible con-
trol input. The same time-varying reference lean angle and lean rate used in
simulations are also utilized in the experiments. Furthermore, we conduct sev-
eral experiments where & varies as £ = 1, 10,50, and 100. Additionally, one
experiment is conducted with only the FL controller as a baseline.

10.4.5 Experimental results

The lean angle and lean rate tracking performance of the DeePO algorithm
is illustrated in the top and middle plots of Fig. 10.11 using & = 1. The re-
sults of using only FL are also included in the figure. The control signal of
DeePO and the total control signal of the system are highlighted in the bottom
plot of Fig. 10.11. The results demonstrate the effectiveness of DeePO and its
robust tracking of the reference lean angle and lean rate, with noticeable im-
provements compared to the FL controller, as evident from the first two plots
of Fig. 10.11. The results also show how DeePO adapts over time, even in the
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Figure 10.10: The indoor environment where the experiments were conducted on a
flat concrete floor.

presence of nonlinearities, sensor noise, and external disturbances (e.g., floor
imperfections or variations in tire grip). However, the oscillations in lean angle
and lean rate have a much higher amplitude in experiments compared to sim-
ulations, which the steering motor’s resolution limitation could partly explain.
In experiments, the resolution is limited to 0.024 rad/s per unit, a factor not con-
sidered in simulations. Moreover, simulations have unmodelled dynamics and
environmental details compared to experiments, such as joint friction, uneven
terrain, and approximations made in the model.

The evolution of the control gain values for the lean angle and lean rate
are reported in Fig. 10.12 with varying values for gain update frequency &. As
observed in simulations, the evolution of the control gains in experiments fol-
lows the same trend, even though the update frequencies vary. However, the
difference between the evolution of the control gains in experiments and the
control gains of the simulation, as presented in Fig. 10.7, is quite different,
which indicates a gap between the simulations and experiments. It also high-
lights the usefulness of adaptive control methods, which can refine the feed-
back gain based on online experiment data. The gap between simulations and
experiments is also evident when comparing the ISE values in Fig. 10.8 and
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Figure 10.11: Experimental results of DeePO where the control policy is updated at
every time step, i.e., & = 1.

Fig. 10.13. In experiments, update at every time step or intermediate rates of
& = 50 produces significantly better results than update at lower rates or using
only FL. The considerably higher ISE for £ = 100 and using only FL further
highlights the limitations of static or infrequent control gain updates. In sim-
ulations where we have control over the initial conditions, noise, and external
disturbances, the results are more aligned, and the impact of £ is not as evident
as in experiments. One particular challenge in the experiments was finding a
suitable pre-stablizing control form initial data and control of the initial condi-
tions. A video demonstration of the simulations and experiments is available
online 2.

Zhttps://youtu.be/SRKnr6tPiuwonline


https://youtu.be/5RKnr6tPiuw
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Figure 10.12: Evolution of control gains in experiments for different values of &.
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10.5 Conclusion

This paper introduced a unified framework that balances an autonomous bicycle
by combining an FL controller in the inner loop and DeePO in the outer loop.
The primary objective of the FL loop is to stabilize and partially linearize an
otherwise unstable and nonlinear system. However, practical systems often
contain unmodeled dynamics and time-varying characteristics that can degrade
the performance of the FL controller when used in isolation. To address these
challenges, we integrated a DeePO controller on top of the FL loop.

We derived an initial control policy using a finite set of offline, persistently
exciting input and state data. To handle the nonlinearities and disturbances that
may degrade the policy’s performance, we introduced a robustness-promoting
regularizer to refine the initial stabilizing policy and a forgetting factor in the
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DeePO framework to adapt to the time-varying nature of our case study.

We demonstrated the effectiveness of the DeePO+FL approach through
both simulations and real-world experiments on an autonomous bicycle. The
results clearly showed that DeePO+FL outperforms the FL-only approach, par-
ticularly in terms of tracking the reference lean angle and lean rate more accu-
rately. Additionally, we evaluated the impact of the control gain update fre-
quency and found that performance improvements could be achieved with a
lower update frequency. However, determining the optimal update rate remains
an open question for future research.

The experimental and simulation results demonstrated that the proposed
controller effectively adapts to the system dynamics despite the presence of
nonlinearities, sensor noise, and hardware limitations. Our work illustrates the
potential of direct data-driven methods to adapt and control nonlinear systems,
such as an autonomous bicycle, relying solely on data. In the future, we plan
to enhance the DeePO algorithm by incorporating the robustness regularizer in
its online component. Additionally, exploring direct data-driven navigation for
the bicycle is another exciting direction for further research.
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Abstract

This paper proposes modifications to the data-enabled policy optimization
(DeePO) algorithm to mitigate state perturbations. DeePO is an adaptive,
data-driven approach designed to iteratively compute a feedback gain
equivalent to the certainty-equivalence LQR gain. Like other data-driven
approaches based on Willems’ fundamental lemma, DeePO requires
persistently exciting input signals. However, linear state-feedback gains
from LQR designs cannot inherently produce such inputs. To address
this, probing noise is conventionally added to the control signal to ensure
persistent excitation. However, the added noise may induce undesirable state
perturbations. We first identify two key issues that jeopardize the desired
performance of DeePO when probing noise is not added: the convergence of
states to the equilibrium point, and the converfgence of the controller to its
optimal value. To address these challenges without relying on probing noise,
we propose Perturbation-Free DeePO (PFDeePO) built on two fundamental
principles. First, the algorithm pauses the control gain updating in DeePO
process when system states are near the equilibrium point. Second, it
applies a multiplicative noise, scaled by a mean value of 1 as a gain for the
control signal, when the controller converges. This approach minimizes
the impact of noise as the system approaches equilibrium while preserving
stability. We demonstrate the effectiveness of PFDeePO through simulations,
showcasing its ability to eliminate state perturbations while maintaining
system performance and stability.
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11.1 Introduction

Traditionally, the design of controllers has relied on two primary approaches:
first-principle modeling which is based on established physical laws and princi-
ples specific to the system’s domain, or system identification that uses available
data to construct a mathematical representation. These mathematical models,
are then employed to analyze the system’s behavior under various inputs and
to derive a control law that satisfies specified performance criteria.

However, the seminal work by Willems et al. [1] introduced a groundbreak-
ing concept with far-reaching implications for control system design. This
study revealed that a finite set of system trajectories, generated using persis-
tently exciting inputs, is sufficient to describe the complete behavior of a con-
trollable linear time-invariant (LTI) system. It implies that controllable LTI
systems can be fully characterized using only finite historical data, eliminating
the need for traditional model-based representations. This result has sparked
widespread interest within the control systems community, as it presents a
promising alternative for simplifying controller design. By potentially circum-
venting the expensive and time-consuming processes of system identification
or first-principle modeling, this approach offers a new framework for stream-
lining and accelerating the development of control systems.

Linear quadratic regulators (LQR) are a widely adopted control design
method due to their ability to balance the trade-off between convergence rate
and control effort, which can be adjusted based on the designer’s preferences.
In LTI systems, when the mathematical state-space representation of the
system is available, solving a straightforward optimization problem provides
the state-feedback gain that minimizes the corresponding cost function [2].
In cases where, instead of the state-space representation, sufficiently rich
measurements are available, it is still possible to design an LQR controller by
conventional approaches, but an initial identification step is required to first
find the system matrices. This approach is typically referred to in the literature
as indirect data-driven LQR design [3, 4, 5, 6].

In contrast, several methods have recently been proposed to design LQR
controllers for LTI systems directly from data, without the need to identify the
system matrices [7, 8, 9, 10, 11, 12, 13, 14]. These approaches are commonly
known as direct data-driven LQR design. Most of the direct data-driven LQR
design methods rely on pre-measured datasets to compute the optimal feed-
back gain. A natural consideration is to allow the control system to leverage
the data it measures during operation to improve or fine-tune the LQR per-
formance. Toward this goal, the Data-enabled Policy Optimization (DeePO)
algorithm was recently proposed [15, 16]. DeePO incorporates an adaptation



158 11.1. Introduction

feature on top of direct data-driven LQR design. At each time step, newly
measured input and state data are added to the previously stored dataset, and
the control feedback gain is updated iteratively using a learning rate, steering
the design towards reducing the objective function’s cost based on the updated
data. Furthermore, it has been proven that DeePO computes a feedback gain
equivalent to the certainty-equivalence LQR gain typically derived using indi-
rect data-driven techniques [16]. DeePO has been evaluated in simulations on
a power converter system [17], and was used for balancing an autonomous bi-
cycle in real experiments [18]. Similar to other data-driven methods based on
Willems’ fundamental lemma, DeePO requires persistently exciting input sig-
nals. On the other hand, linear state-feedback gains from LQR designs cannot
inherently generate such inputs. To overcome this limitation, probing noise is
conventionally added to the control signal to ensure persistent excitation. This
added noise often induces undesirable state perturbations. In this article, we
introduce PFDeePO to resolve state perturbations in DeePO.

11.1.1 Notation

Throughout this paper, unless clearly stated otherwise, the symbols N, Z, and
R denote the sets of, natural, integer, and real numbers, respectively. Scalars
are represented by lowercase letters such as x, while x and X denote a (column)
vector and a matrix, respectively. The notation X < 0 (X < 0)and X > 0 (X >
0) indicates that X is negative (semi-) definite and positive (semi-) definite,
respectively. Additionally, I, denotes the i X i identity matrix. The symbols
0,,; and 1, ; represent all-zeros and all-ones matrices of size i X j, respectively.
The 2-norm of matrix X is denoted by ||X]||. X', tr(X), and X' represent the
transpose, trace, and pseudoinverse of matrix X, respectively. The notation
x' and X' refer to the i-th coordinate of x and the i-th row of X, respectively.
Meanwhile, X’/ denotes the element located in the i-th row and j-th column of
X. N (x, X) represents a multivariate Gaussian distribution with a mean vector
x and a covariance matrix X. Ilyx stands for projection operator on X. Finally,
o(X) denotes the smallest singular value of X.
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11.2 Data-Driven Policy Optimization for LQR Learn-
ing

11.2.1 Background

Consider an LTI discrete-time system, represented in state space form as:

Xk+1 = AXk +Buk +wk,
1/2

Z, = Q / 0n><m Xx

k u,

0 R! /2
where k € N is the index for counting samples, x € R” is the state, u € R™
represents the input, and @, is noise. Furthermore, let z, € R"*™" represent
the performance signal. We assume that the pair (A, B) is controllable, and
that (Q, R) are positive definite square matrices with compatible dimensions.
The objective of the LQR design is to determine a state feedback controller,
K € R"™", that minimizes the H,-norm of the transfer function 7(K) : ® — z
of the following closed-loop system:
] A+BK | 1

Xi+1 Ql/2 . X (11 2)
Z {1/2J0(+)x o] '
R K m-+n)xXn

As discussed in [19], the H,-norm of the transfer function 7 (K) obtained from
(11.2) can be expressed as:

(11.1)

’

mxn

CK) 2 ITEK)|* =tr ((Q+K'RK) =) (11.3)

where C(K) represents the cost function, and 3 is typically referred to as
the closed-loop state covariance matrix, which is the solution to the following
Lyapunov equation:

Y=L +(A+BK)Xg (A+BK)". (11.4)
Therefore, the LQR design can be summarized as:

min  C(K) =Tr +K'RK) X
subjectto g =1 + (A +BK)Zg (A +BK)'.

To directly compute the optimal feedback gain matrix K from (11.5), the system
matrices (A, B) must be known. However, if (A, B) are unknown, it may still
be possible to incorporate an identification step to estimate them. Suppose
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signals of length ¢ of states, inputs, noises, and successor states, which do not
necessarily need to be consecutive. These signals are defined as follows:

Xo2[x0 x = x4,

X, 2[x x - x], 116
U, 2 [uo u e u,_l] , '
W, £ [a)o @ - a)t_l] .

The input signal U, must be sufficiently rich to effectively represent the dy-
namical system described by (11.1). This property is commonly referred to as
persistently exciting, and is formally defined as follows:

Definition 11.2.1 ([1]). A signal U, is said to be persistently exciting of order
| when

U u - Wy
vp=| T B, (11.7)
Uy w o Wy
has full rank ml. [ ]

The following lemma is also useful for determining the persistent excitation
of a system.

Lemma 11.1 ([1]). If the system (11.1) is controllable and U, is persistently
exciting of order n + 1, then rank(D) = n + m, where

D2 [UO

X, |- (11.8)

If U, is persistently exciting, the estimates of the system matrices (A, B)
can be obtained by solving the following optimization problem:

AB)=min |X,-[B A][U," X,]"|. (11.9)

The LQR controller can then be designed by substituting (A, ]§), obtained from
(11.9), in place of the true system matrices (A,B) in (11.5). This approach
is commonly referred to as certainty-equivalence and is a typical strategy in
indirect data-driven LQR design [4, 20, 21, 22].

Recently, several methods have been proposed in the literature to bypass
the identification step in (11.9) by directly leveraging the data introduced in
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(11.6). These methods are commonly referred to as direct data-driven LQR
design [7, 8, 9, 10, 11, 12, 13]. From Lemma 11.1, we know that if U, is
persistently exciting of order n + 1, then rank(D) = n + m. Consequently, by
the Rouché—Capelli theorem [23], there exists a matrix G € R™" such that:

E(] = DG. (11.10)

Substituting into the state-space representation, we have:

K
I

n

A+BK=[B A] [ ] = [B A|DG. (11.11)

On the other hand, the measured data in (11.6) must satisfy the system dynam-
ics:
X, = AX, +BU;, + W, (11.12)

By substituting the definition of D from Lemma 11.1 into (11.11) and incorpo-
rating (11.12), we obtain:
A +BK = (X, - W))G. (11.13)

Since W, is unknown and cannot be directly accounted for, we approximate
A + BK with X G and K with U,G in the LQR optimization problem. This
leads to the following direct data-driven LQR optimization formulation:

Eg&(} C(G) =tr ((Q+G'U,"RU,G) k)

subjectto X =1, + XIGEKGTXIT, (11.14)
The optimal feedback gain is then given by K = U,G.

In [16], the authors introduce an alternative policy parametrization based
on the sample covariance of the data, defined as:

[
Xo

A 1 DDT - [UODT /I]
t

X.D" /i (11.15)

Defining V € R"+™M*" a5 the solution to:

[i(] =V, (11.16)
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and following steps similar to (11.11)—(11.13), the data-driven LQR optimiza-
tion problem can be reformulated as:

. T_T o
Jmin - COV) = (<Q+V UORU0V> 2V>

< =T
subjectto Xy =1, + XlVEVVTXl ’ (11.17)

X,V =1,

where il = X, DT /t. Since the dimension of V is independent of the number
of samples, ¢, this formulation is particularly advantageous in adaptive design
strategies where the sample size grows linearly.

In the DeePO algorithm, starting from an initial feasible solution K, the
feedback gain evolves iteratively via a gradient descent approach to reach the
optimal solution K*. The following lemma provides a methodology for com-
puting V/V?Z solely based on data.

Lemma 11.2 ([16]). Let Py be the unique solution for the Lyapunov equation
T 1T Y b ¥
Py =Q+ V' U RU,V +V X, PyX,V,
then
VyC =2 <U0 RU, + X, val) Viy.
|

Algorithm 11.1 outlines the steps required to execute the DeePO algorithm.

In summary, to ensure the convergence of Algorithm 11.1, the optimization
problem (11.17) must be feasible, U, must be persistently exciting, and both @,
and x; must remain bounded to maintain stability.

11.2.2 Why is probing noise added to u, in Algorithm 11.1?

To begin, we present a lemma demonstrating that state feedback control of the
form u, = Kx, is incapable of generating a persistently exciting sequence Uy,.

Lemma 11.3. State feedback control of the form u, = Kx,, where K is a gain
matrix and X, is the state vector at time step k, cannot generate a persistently
exciting sequence Uy,.
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Algorithm 11.1 Data-Enabled Policy Optimization (DeePO) [16]
Require: Uy, X;, X, K, a probing noise signal {e}, and a learning rate #.
Start
i=t.
while the stop criterion is not satisfied, do:
Apply u; = K;x; + €; and observe x; ;.
Update X, by X, = [X, x;].
Update Xl by Xl = [Xl’xi+1]'
Update U, by Uy = [Up, u;].
o | K
Vi =@ lll :
n
V:+l =V - ’7H§0VVC-
Update the control gain by K;,; = UpV/_ .
i=i+1.
End while
End
Proof. From Lemma 11.1, we construct the matrix D as follows:
[ S gl nooy ) noyljgd |
Yoo kx X KX i kx,
noyemigd N pmijs n yemy
D= Z,-=1lf X, Zj=ll§ X Zj=1'f X1, (11.18)
%o X X1
n n n
X X X1 ]

where first m rows of D can be expressed as linear combinations of the last »n
rows. Consequently, rank(D) = n. From Lemma 11.1, we observe that the
condition rank(D) # n + m implies that the sequence U, is not persistently
exciting. This completes the proof. [ |

In addition, the following lemma provides a more transparent perspective
on the subject.

Lemma 11.4. Let D be defined as the horizontal concatenation of two matrices,
D=[D 1> Dz]y
where:

e D, € RU™Xt with rank(D,) = n + m, and
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e D, € RU™Xt ywith rank(D,) < n + m.
Ifty = oo, then lim, _, , o(®P) — 0.

Proof. First, notice that @ defined in (11.15) is only a function of #,, since ¢,

is fixed:
1

) = 1+t
1

(D,D{ + D,D;). (11.19)

Since D, is not full row rank for all 7,, there exists a non-zero vector a € R"*™
such thata" D, = 0. Thus

1

a'd(1,)a = — @'D,Da+a'D,D,a)
! | 2 (11.20)
= a'DDa.
L+t
From this, it is clear that
Jim a' ®(t))a = 0. (11.21)
2—)00
Since o(®(t,)) is such that
g(<I>(t2))||a||2 <a'®(t)a, Vi, €N, (11.22)
then the limit (11.21) implies
Jim, o(@(ty)) = 0.
This concludes the proof.
|

The results from Lemmas 11.3 and 11.4 reveal critical limitations for applying

conventional control laws, such as u; = K;x;, to the system:

e As x; — 0, the columns of D also approach zero, and D can be
partitioned such that the second matrix is zero. By Lemma 11.4,
lim, _,, o(®) — 0, jeopardizing the full rank of @ needed to ensure
(11.16).

e As K; — K, Lemma 11.3 indicates that adding columns to D is equiva-
lent to appending a singular matrix to D, pushing ® toward singularity.

To address this undesired outcome, which compromises DeePO’s perfor-
mance, the authors in [16] propose adding a probing noise to the input. This
noise ensures that the input remains sufficiently rich, thereby preserving the
full rank of ® and maintaining persistent excitation.
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11.2.3 Undesired State Perturbations by Adding Probing Noise to
u.

1

In asymptotically stable LTI systems, the system naturally drives the state x; to-
wards equilibrium as time progresses. However, when probing noise is added
to the input signal to maintain persistent excitation, the noise introduces high-
frequency components into the control input. These high-frequency compo-
nents can interact with the feedback dynamics, causing rapid oscillations or
fluctuations in the control signal and, consequently, the system state. States
perturbations is particularly problematic in practical implementations, as it can
lead to actuator wear, increased energy consumption, and degraded overall sys-
tem performance.

11.3 Perturbations-free DeePO (PFDeePO)

As discussed in Section 11.2, the convergence of x; — 0 and K; — K can
compromise the full rank of ®@. In Algorithm 11.2, we present our proposed
method, PFDeePO, which serves as an alternative to DeePO, ensuring the full
rank of @ is preserved while avoiding performance degradation caused by state
perturbations.

The main idea behind PFDeePO is to prevent conditions that may compro-
mise the full rank of ®. To achieve this, we introduce two additional positive
scalars, y > 0O and 6 > 0.

At each iteration, the first “if-else” block ensures that arbitrarily scaling
the control signal by a random gain, v;, where v < v; < v, occurs only when
necessary. Specifically, this scaling is applied only if the control gain, K;, has
already converged to its optimal value, yet the system states remain relatively
far from the equilibrium point.

Next, in the second “if-else" block, we evaluate the convergence of the
states. The condition ||x;|| < y represents a scenario where the states are close
to the equilibrium point, causing the control signal to approach zero. In this sit-
uation, the data gathered is not sufficiently informative to update the controller.
Conversely, if the states have already reached near-equilibrium, further efforts
to improve the control law are unnecessary, as the states have effectively con-
verged, and any additional effort is unlikely to yield meaningful improvements
in classical control performance metrics.

To formalize PFDeePO, we first need to ensure that the matrix @, retains
full rank when Algorithm 11.2 is applied.

Theorem 11.5. Let ©; be the matrix constructed at time step i during the ex-
ecution of PFDeePO. By implementing Algorithm 11.2, the matrix ®; attains
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full rank, i.e., rank(®;) = n + m, and as a result, c(®;) > 0.

Proof. From (11.15) we see that rank(®;) = rank(D). We proceed by contra-
diction. Assume that rank(D) < n + m. This implies the existence of scalars
A;» pj € R such that:

n m
Z X' = Z 1, Uy, (11.23)
i=1 j=1

where X, denotes the i-th row of X, and U’ denotes the j-th row of U,. Note
that the second if-else block, avoids presence of all zeros columns in X, and
U, and recall that at each time step k, U,/ = Z:’zl k{;’ixi, which holds for all
k=0,...,t — 1, we substitute into (11.23) to obtain:

m

Zn: Axi = Z zn: piky Xt (11.24)
i=1 1

j=1i=

For (11.24)tohold forall k =0, ...,t—1andi =1, ..., n, we must have:
m P
A=) ukl. (11.25)
j=1

However, this condition (11.25) is violated under both cases defined by Algo-
rithm 11.2:

e When K, # K,_;, the matrices K are distinct, and it is impossible
for 4; to be expressed as a consistent linear combination of y jki’i. In
other words, since the i-th column of the controller changes at each time
step, the value of 4; obtained at time step k as a linear combination of
7 jki’i will differ from the values obtained at other time steps and it is not

feasible to find a consistent 4; forall k =0,...,7 - 1.

e When K, = v, K, where v; is randomly sampled from an arbitrary dis-
tribution, the randomness in v, ensures that A; will be different value at

. . m -

each time step in 4; = 277, v p ks

Thus, the assumption that rank(D) < n+m leads to a contradiction. There-
fore, we conclude that:

rank(D) = n+ m.
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Another critical aspect to address is ensuring that randomly scaling the con-
trol signal by v; does not compromise the closed-loop stability. First recall that
from Lemma 1 in [16], the converged control gain K obtained by DeePO is
equivalent to indirect LQR solution. Therefore,

. L
K= (BTHB +R> BTHA, (11.26)

where H is the solution of the following Discrete Algebraic Riccati Equation
(DARE)

- S S
H=ATHA+Q—ATHB<BTHB+R) BTHA. (11.27)

and Q € R™ and R € R™™ are given symmetric positive definite matri-
ces. In the following, we establish the conditions that v and v must satisfy to
guarantee stability in Algorithm 11.2. We begin by the following lemma.

Lemma 11.6. Consider matrices B € R™™ and K € R™" and symmetric
positive definite matrices Q € R™" and R € R™ ™, Then, there exists an
interval ¥ = [v, 0], where 0 < v < 1 < v, such that

Q-K'(v-1*B'HB+ (1 -20)R)K >0, VveE [v,7]. (11.28)
Proof. Note first that for v = 1, we have

_ kT 12 Tap _
<Q K" ((v - 1)*BTHB + (1 2u)R)K>U=l 1129
=Q+K'RK > 0.

Since Q > 0 by assumption and K'RK > 0, the matrix in the left-hand
side of (11.28) is positive definite at v = 1. Recall that the eigenvalues of
a square matrix, whose components depend continuously on a parameter, are
also continuous functions of that parameter. As a result, there exists an open
neighborhood (v, v) around v = 1 where all eigenvalues of the matrix remain
strictly positive, ensuring that the matrix is positive definite.

At the endpoints v and v, the matrix becomes positive semidefinite, mean-
ing some of its eigenvalues reach zero. Consequently, the inequality (11.28)
holds for all v € [v, v], completing the proof. [ |

Remark 5. In Lemma 11.6, we show that there exists an interval ¥V = [v, U]
such that (11.28) holds for all v € V. A practical approach to determine V
is to start with a small interval around 1 and iteratively narrow it, checking
Lemma 11.6 at each step, until the inequality is satisfied. |
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Now, we are ready to present our main theorem.

Theorem 11.7. Consider a system controlled by Algorithm 11.2. Let Q € R™"
and R € R™™ be given symmetric and positive definite matrices, and let f €
O, 1).

Let’s represent the converged control gain by the matrix K € R™" since
K is equal to a certainly equivalent LOR gain, we have

K =R +B"HB) 'B"HA, (11.30)
where H € R™" is the unique solution of the modified DARE.:
ATHA - p’H-A"THBR + B"HB)"'BTHA +Q =0,,,. (11.31)

Consider the interval [v,v], as defined in Lemma 11.6, such that the in-
equality (11.28) holds. Then, the time-varying state feedback control law, u; =
-, KX, where v, is any sequence taking values in the interval [v, U], ensures
that the origin of the closed-loop system

X1 = A -0 BK)X,, k=0,1,... (11.32)

is exponentially stable. Specifically, the state satisfies the bound

h
lIxl Sﬁk‘/%IIXOII, k=0,1,..., (11.33)
min

where h,, = Ay.(H), and h;, = A, (H).

Proof. For a compact notation, the gain K defined in (11.30) will be written as
K=S"'B"HA, where S=R+BTHB, (11.34)

so that the term ATHB(R + BTHB) !BTHA in the modified DARE (11.31)
can be equivalently written as

ATHBS™'B'HA = ATHBK = K'B"HA = K'SK, (11.35)
and the modified DARE (11.31) can be rewritten as
ATHA - p’H-K'SK+Q =0,,,. (11.36)
From this, we get the identity

ATHA - p’H=-Q + K'SK. (11.37)
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Now, consider the Lyapunov function candidate V' (x) = x"Hx. We will
prove that
V(X)) < BV (X)), k=0,1,..., (11.38)

independently of the sequence vy, provided that v, € V, so that
V(xy) < p*V(xy), k=0,1,.... (11.39)
From this, recalling that ;. ||x||> < x"Hx < A, ||x||?, we easily get
hanin 1% [1% < B Py 1% 1%, (11.40)

from which, taking the square roots of both terms of the inequality, the inequal-
ity (11.33) follows.

Thus, to prove the Theorem, i.e., the inequalities (11.33), it is sufficient to
prove the inequalities (11.38). These can be rewritten as

V(X)) = BV (x) <0, k=0,1,..., (11.41)
or
T 2o 1 _
x! Hx - Px]Hx, <0, k=0,1,.... (11.42)

Exploiting the system equation (11.32), these inequalities change to the follow-

ng
x; ((A - v, BK)'HA - v, BK) — f*H)x, <0, (11.43)

where v, € [v,v]. It is clear that all inequalities (11.43) are verified if the
following inequality is true:

(A — vBK)"H(A — vBK) — ’H <0, Vo € [v,7]. (11.44)

Upon carrying out the multiplications in the left-hand side term of the inequal-
ity and considering the identities (11.35) and (11.37), we have

(A — vBK)"H(A - vBK) — f*H
= ATHA - f°H - vK'B"HA - vATHBK
+ v’ K"BTHBK

RO L (11.45)
= ATHA - f°H - 20K"SK + v’K"B"THBK
=-Q+K'SK - 20K"SK + v’ K"BTHBK
=-Q+K'((1-20)S + v’"BTHB)K.

Recalling that S = R + BTHB, we get (11.44):
A—uvBK)"H(A — vBK) — f°H
( ) H )= F (11.46)

=-Q+K'((v-1’B"HB + (1 - 20)R)K.
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Thus, the inequality (11.44) can be written equivalently in the form (11.28) of
Lemma 11.6, from which we know that there exists a nonempty interval [v, U]
such that the matrix (11.46) is negative semidefinite. It follows that all inequal-
ities (11.43) are satisfied as long as v, € [v,v], and this implies inequality
(11.33), and the Theorem is proved. ]

Remark 6. As discussed in Theorem 11.7, B is essential for verifying (11.28)
and determining v € [v, 0] to ensure stability. If B is unknown, it can be
estimated from collected data using

(11.47)

Since any interval (v,,,v,,) € [v, 0] with v,, < 1 < vy, can replace V in Al-
gorithm 11.2, choosing a narrower interval is preferable, as it reduces control
deviations from the optimum and improves stability margins. O

11.4 Simulations

To evaluate Algorithm 11.2, the open loop and controllable LTI system in [16]
is utilized in numerical simulations, with

-0.13 0.14 -0.29 0.28 1.63 0.93
048 0.09 041 030 0.26 1.79

A= -0.01 0.04 0.17 043 B= 1.46 1.18| (11.48)
0.14 031 -0.29 -0.10 0.77 0.11

First, a persistently exciting input, Uy, is used to generate the offline state data
X, and X from the system dynamics in (11.1). The noise is sampled from
a normal distribution, ®, = N (0,0, and the offline input is sampled from
u, = N(0,0,) with 6, = 0, = 0.01. The offline data consists of 8 time
samples. Since we consider an open-loop stable system, the initial policy is
kept at zero, i.e, K, = 0,,.,,. The parameters of PFDeePO are chosenas y = 0.1,
6=0.1,= 1074, and the interval of v is chosen as v=0.5and v = 1.5, which
satisfies (11.28). DeePO, introduced in Algorithm 11.1, is used as a benchmark,
with # = 10™* and a probing noise signal e sampled from a zero mean normal
distribution with o, = 0.1. At sample k = 15, a disturbance is induced in the
states using a uniform random value.

In Fig. 11.1, we present the results of running both algorithms on the sys-
tem. As observed, once the states reach equilibrium, PFDeePO does not intro-
duce further perturbations. In contrast, the probing noise in DeePO continu-
ously disturbs the states, inducing oscillations that increase control effort.
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DeePO
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Figure 11.1: Evolution of the states x, using DeePO (top) and PFDeePO (bottom).

Fig. 11.2 illustrates evolution of o(®;). It is evident that in DeePO, prob-
ing noise is essential to maintaining the full rank of @, as its minimum singu-
lar value otherwise approaches zero. However, with PFDeePO, o(®;) remains
consistently above zero throughout the control period, ensuring the rank con-
dition is met without perturbing the system states.

11.5 Conclusion

Data-driven control design has gained significant attention, but the field re-
mains in its early stages, with several open challenges. Among recent ap-
proaches for LTI systems, DeePO is a promising method that refines control
gains online through adaptive updates. However, its reliance on probing noise
to ensure persistency of excitation can degrade performance and induce state
perturbations. This article introduces PFDeePO, which alleviates these issues.
Simulations show that PFDeePO outperforms conventional DeePO in terms of
control performance. Future work includes extending PFDeePO to LTV and
nonlinear systems and optimizing its design parameter selection.
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Figure 11.2: o(®;) for PFDeePO and DeePO, with and without probing noise.
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Algorithm 11.2 Perturbations-free DeePO (PFDeePO)

Require: Uj, X, X, K;,7>0,6>0,and n > 0.
Start
i=1.
AK=(6+1)-1,,,.
while the stop criterion is not satisfied, do:
if |AK] > 5 or [|x;[| < y
Apply u; = K;x; and observe x; ;.
else
Find v and v as in Theorem 11.7 for K.
Randomly select v < v; <.
Apply u; = v;K;x; and observe x; ;.
End if
if 11| > 7
Update X, by X, = [X, x;].
Update X, by X = [X},x;4].
Update U by U, = [Up, u;].

o | K
Vig =0, lll '
n
Vz,'+1 =V, - nHXOVVC. 3
Update the control gain by K, ; = UOV;+ I
else

Update the control gain by K, ; = K.
End if
AK =K, - K,
i=i+1.
End while
End
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Abstract

The control of autonomous riderless bicycles remains a challenging problem
in nonlinear control research. Traditional model-based controllers, such as
Feedback Linearization (FL), can achieve stabilization but rely on simplified
dynamic models that may not capture unmodeled or time-varying effects. Re-
cent data-driven control methods, including Data-enabled Predictive Control
(DeePC) and Data-enabled Policy Optimization (DeePO), allow closed-loop
optimal control directly from measured input-output data, bypassing explicit
system identification. This paper presents a cascaded control architecture that
integrates FL, DeePO, and DeePC for simultaneous stabilization, velocity reg-
ulation, and trajectory tracking of an autonomous bicycle. First, a multi-input-
multi-output (MIMO) FL controller is derived to regulate the lean angle and
forward velocity. Then, DeePO is employed to adaptively enhance the FL
control law using closed-loop data generated under persistently exciting in-
puts. As a supplementary contribution, a new forgetting-factor integration
scheme was introduced into the standard DeePO algorithm to enhance its per-
formance under nonlinear dynamics and time-varying system parameters. Fi-
nally, DeePC operates in the outer control loop, generating reference trajec-
tories for the FL+DeePO controller via regularized data-driven optimization.
The proposed cascaded FL-DeePO-DeePC approach is validated through high-
fidelity simulations in Simscape.
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12.1 Introduction

Autonomous riderless bicycles have emerged as lightweight and cost-effective
platforms for research in nonlinear control, robotics, and autonomous mobility.
Their dynamic behavior, however, remains a formidable challenge: the sys-
tem is nonlinear, underactuated, non-minimum-phase, and exhibits velocity-
dependent stability characteristics [1]. These features make the autonomous
bicycle an excellent but difficult testbed for advanced control methodologies.
Applications include autonomous fleet reallocation in bike-sharing systems [2],
mobility assistance for users with reduced physical ability [3], and as realis-
tic Vulnerable Road Users (VRUs) in the verification of autonomous vehicle
safety [4].

Early research has focused on classical control strategies for balance and
steering, such as Proportional-Integral-Derivative (PID) control design, [5] and
Linear Quadratic Regulator (LQR) designs [4], or nonlinear controllers such as
Sliding Mode Control (SMC) [6] and Feedback Linearization (FL) [7]. While
these model-based approaches can stabilize the system under nominal condi-
tions, their performance deteriorates under disturbances, unmodeled effects, or
parameter variations. Robust extensions such as Active Disturbance Rejection
Control (ADRC) have been experimentally validated for bicycle balance [8],
Nonetheless, the approach required approximate models with as many as 25
parameters to be estimated from the system.

To circumvent the aforementioned limitations of model-based control ap-
proaches, reinforcement learning have been investigated for autonomous bicy-
cle control [9]. Despite their success in simulation, such methods often suffer
from poor sample efficiency[10]. More recently, direct data-driven control has
emerged as a principled alternative, leveraging input—output data collected un-
der persistently exciting inputs from a single experiment to synthesize optimal
feedback policies without explicit system identification. [11].

Within this paradigm, Data-enabled Predictive Control (DeePC) [12] pro-
vides a model-free analogue of Model Predictive Control (MPC), while Data-
enabled Policy Optimization (DeePO) [13, 14] allows adaptive LQR synthesis
directly from data. These methods have demonstrated strong performance on
various physical systems, including quadrotors [15], power networks [16], and
legged robots [17]. Experimental work further shows that DeePO can adap-
tively stabilize an autonomous bicycle relying on data from the system [18].

This paper proposes a cascaded data-driven control architecture that com-
bines FL, DeePO and DeePC to exploit their complementary advantages.

e We first derive a MIMO FL controller that jointly regulates the lean angle
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and forward velocity, achieving partial input-output linearization despite
the system’s underactuation.

e We then augment the FL control law with an adaptive DeePO layer that
refines the input commands. We introduce two extensions to the baseline
algorithm: (i) an exponential forgetting factor to handle time-varying dy-
namics, and (ii) state normalization to improve numerical conditioning
and convergence.

e Finally, we deploy DeePC in the outer loop to achieve trajectory track-
ing via real-time data-driven predictive optimization, thus forming a cas-
caded FL-DeePO-DeePC control structure.

12.1.1 Statement of Contributions

In summary, this paper’s main contributions include:

e A novel cascaded FL-DeePO-DeePC control architecture is proposed
for simultaneous stabilization, velocity regulation, and trajectory track-
ing of an autonomous bicycle, designed to handle unmodeled dynamics
and time-varying parameters.

e A novel forgetting-factor integration scheme is introduced into the con-
ventional DeePO algorithm to improve its adaptability to nonlinear dy-
namics and time-varying system parameters.

12.1.2 Organization

The remainder of this paper is organized as follows. Section 12.2 details the
derivation of the MIMO FL controller. Section 12.3 presents the DeePO and
DeePC algorithms, including the proposed modifications. Simulation results
and comparative evaluations are provided in Section 12.4, followed by con-
cluding remarks in Section 12.5.

12.1.3 Notation

Vectors and matrices are denoted by lowercase bold letters and uppercase let-
ters, respectively. The identity matrix of order # is denoted by I,, and AT, AT,
and ||A|| denote transpose, pseudoinverse, and the 2-norm of A, respectively.
The operator diag - forms a diagonal matrix. Weighted norms are written as
||x||2Q = x'Qx for Q > 0. Continuous-time signals are x(z), while discrete-
time signals are x,. Normalized quantities are indicated by a tilde (e.g., X).
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Figure 12.1: Illustration of the parameters used in the bicycle model.

12.2 Bicycle stablization

Balancing an autonomous bicycle poses a challenge due to its nonlinear dynam-
ics, and its unstable nature at lower velocities. While persistently exciting input
signals are critical for data-driven control design, directly applying such inputs
to an open-loop bicycle leads to loss of balance. To overcome this limitation,
we employ an inner-loop FL controller, based on a simple point-mass model
of a bicycle. Moreover, the FL controller partially cancels the system’s non-
linearities, making the system, composed of FL and the bicycle, more suitable
for direct data-driven control methods as these methods are in general derived
for linear systems [12, 13]. The proposed control design has shown promising
results in our previous work using a constant velocity [18]. However, in this
paper, the goal is to control a MIMO system, where both steering velocity &
and the acceleration of the rear wheel, 0, are the inputs to the system.

With respect to Fig. 12.1, the point-mass model of a bicycle is formulated

as
o) = S sin (o(0)) + X cos (p(1) v(1)S(1)—
L bh i (12.1)
(b—h - = tan (6() tan (qa(t))) tan (8(1))v(r)2,

where b represents the wheel base of the bicycle. The horizontal and vertical
distances from the rear wheel’s contact point with the ground (P, ) to the center
of gravity (CoG) of the bicycle are denoted a and A, respectively. Moreover, g
denotes the gravitational constant. The state vector

(1) 1= [x,(0), X, (1), x3(1), x, (1" = [@(1), @(1), 5(1), v()]T
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represents the lean angle, lean rate, steer angle, and forward velocity of the
bicycle while 6(¢) represent the input to the system. We can rewrite the model
with two inputs, ¥ L(1) = [u, (1), u, )]T = [6(2), 0(?)], as

X3
<= %sin(xl) - (i - étan(xgtan(xl)) tan(x;) x;
0
0
- (12.2)
0 0
a
A cos(x)x, O [ul] ’
1 0] 42
0 1
and more compact as
x=f(x)+Gxut,  y'=h), (12.3)
where L
n, Th®=x =9 (12.4)

vt =hy(x) = x4 =0,
are the outputs we are interested in controlling using FL. Since the relative
degree, r, of yI'* and yX'* is r| = 2 and r, = 1 respectively, the total relative
degree of the system is 3, i.e., we have one state which we can not directly
control. Thus, we can only achieve partial input-output linearization of the
system.
The design procedure of the FL controller for the MIMO system follows
the approach in the Slotine and Li book [19]. First, the Lie derivatives for the
decoupling matrix E(x) are computed as

L L' L L'y 4 cos 0
E(X)zl 81 {2_1 1 f:2) {2_1 llzlbh (x1)x4 (12.5)
L L'y Ly L 'hy 0 1

and since det( E(x)) = ih cos(x;)x, for v # 0 and lean angles between i% the

system is locally input-output linearizable. The FL control law is chosen as

't = Ex)N(L - ax)), (12.6)
where
L>h
= f 1 =

") [L th]

. 1 1 (12.7)
_ [% sin(x;) — (% - b_2 tan(xs) tan(xl)) tan(x3)xZ]

0
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and L is the linearized input /| = ¢,(f) + qu,(be(t) + k2¢qoe(t) + k3w Zg (1),
and I = 04(t) + k; v, where the subscript e denotes the error between the
desired value and the measured value. The model parameters and the control
gains are given in Table 12.1.

12.3 Data-driven control

While the FL controller stabilizes and partially cancels the nonlinearities of the
system, it relies on a rather simple continuous time model of a bicycle (12.2)
and can not capture all nonlinearities and time varying dynamics of a bicycle.
To address these shortcomings, we enhance the input from (12.6) using DeePO
as can be seen in Fig. 12.2. DeePO learns a LQR policy directly from data
obtained by persistently excite the input to the system, and bypasses the need
of a model [13]. Thanks to the adaptive nature of DeePO, it can handle time-
varying systems, and we enhance this property by incorporating a forgetting
factor in the algorithm. Moreover, for realizing trajectory tracking, the DeePC
algorithm is implemented in an outer control loop. To address the nonlinearities
in the outer loop, regularization and terminal cost is included in the DeePC
formulation.

12.3.1 DeePO

Consider the closed-loop data from the bicycle, controlled through FL, where
X7 = [@f, @7, V], uf = [5,, 0,] denotes the discrete time error state and control
input data respectively. Assuming a ¢ long time series of data from the system

Table 12.1: Model and control parameters for FL control

Parameter Symbol Value Unit
CoGwrtp, (X) a 0.550 m
CoGwrtp,(z) h 0.700 m
Wheelbase b 1.200 m
Gravity g 9.82  m/s?
k, - 2 -
4
kzw - 10 -
ks - 0.1 -

k, - 25 -
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Figure 12.2: The FL-DeePO-DeePC control setup. Here. the blocks H(s) and G(s)
are transfer functions representing the dynamics of the steering system and the rear
wheel respectively. The switches sy, s, in the figure switches between persistently ex-
cited input signal (s; = «;) and the output of DeePO and DeePC (s; = f,), respectively.
Furthermore, ¥ is the pose of the bicycle and is defined in (12.23).

is available:

x| € R™,
woou | eRrR™, (12.8)
Xf] c Rnxt,

which is assumed to be persistently exciting, i.e., the matrix

U,
Dy, := OJ] (12.9)
0,t [XO,t

has full row rank rank(D,,) = m + n. The sample covariance of the data is

then [13]: B

1 T _ [UoDo,/t Uy

®, :=-Dy,D,, = ' =51, 12.10
FT T [XoDo,z/ ! Xo ( )

which enables the covariance-based policy parameterization of the feedback
gain

K
[1] =,V. (12.11)

The matrix V represents the parametrized policy, updated online through a sin-
gle step of a projected gradient descent of the covariance-parameterized LQR
cost [14].
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To obtain an initial stabilizing policy for DeePO, we solve the regularized
covariance-parameterized LQR problem [18, Eq. (27)]

W,g'r,lLiPZzo Tr(OpeeroS) + Tr(Rpeepo L) + ¥ Tr(Z @),

S.t. S = XO,IW’
[S-1, X, ,W; W'X], S1>0, (12.12)

1t

(L, Oy, W: WT'O;,. S1=0,
[z, w; WT, S]>0,

where y is a regularization parameter promoting robustness to noise, unmod-
eled dynamics, and uncertainties. The matrices Rp..pg and Qp.pg are positive
definite weighting matrices. Solving (12.12) yields the initial policy

K
Koy=Uy W S~ Vi =@ [ I’O] : (12.13)
which serves as the starting gain for the online DeePO recursion. DeePO then
updates the policy iteratively from new input—state data and adjusts the feed-
back gain online.

12.3.2 Forgetting factor

By using rank-one updates of the data matrices, it is possible to run the algo-
rithm in an efficient way without the need to solve any optimization problem
online [13]. To improve adaptation to time-varying or nonlinear dynamics, we
introduce a recursive weighting of the covariance matrix that favors newer in-
formation through a time-varying weight, w,. Let 4, € (0, 1] be the forgetting
factor and define

Wiy = Apw, + 1, wy =0. (12.14)

The exponentially weighted covariance update then becomes

W —1 1
q>t+1=< v : )q>,+w -¢, T (12.15)
1+ +

where ¢, = [utTa:tT]T. When A 5= 1, the recursion in (12.15) reduces to the
standard unweighted form used in [14]. Furthermore, the inverse of ®, can be
efficiently updated via the Sherman—Morrison formula [20],

w (I)_l Tq)—l
(I)_l _ t+1 ((Dt_l _ t ¢t¢t t >’ (12.16)

t+1 _ _
Wit1 1 Wi — 1+ ¢1T(I)t l¢t
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and finally, the parameterized policy itself can be updated in a rank-one fash-
ion [14]

I
Vi = Vit —— 07 ¢ (I - @)V, (12.17)

t+1

enabling a fully recursive online implementation. The use of 4, < 1 makes
recent data more important in the online update of the data matrices.

12.3.3 Normalization

As the state measurements of DeePO inherently have different units and mag-
nitudes (e.g, lean angle in degrees, forward velocity in m/s), we normalize the
data prior to computing the initial policy and before updating any data matrices
in the online phase. For eachrow, z, in D ,, the mean y, and standard deviation
o, are computed and z-score normalization is then applied to the data as

g=2"H: (12.18)

o

z

The DeePO recursion is then carried out entirely on normalized data with cor-
responding scaled weighting matrices

0=5."0pepoS:"s  R=358,"RpepoS; . (12.19)

where S, = diago,, S, = diago,. After updating the normalized policy K,
the gain is mapped back to physical coordinates as

K =5'KS,. (12.20)

This ensures that the controller is applied to the unnormalized physical states of
the bicycle. The complete algorithm is summarized in Algorithm 12.1, where
the gradient of the covariance-parameterized LQR cost J,(V;) is computed as

VJ,(V) =2(Uy RU,, + X[ P.X, ) V%, (12.21)

where P, and X, are obtained recursively as in [14]. The projection operator

II % = I,-X 37 IX o, enforces X 0.V: = I, after each gradient step. Finally, the

learning rate # is normalized by || (:IOJH X, l:](;r . |~! following the normalization
strategy in [18]. ’
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Algorithm 12.1 DeePO (normalized, with forgetting factor)

Require: Offline data (X, , Uy, , X, ), scaling (py, Sy, p,, S,), initial K,O,
stepsize 17, 4.
1: init I/Uto =0, C~Dt_01 . and Xo,n,t(y Xl,n,to’ Uo’n,to.
2: fort =1y, ty+1,... do
3 Apply up***0 = §71K, S, x¢, measure x° .
Normalize X! = S_'(x} — p1,), U, = S (W, — p,), &, = [0 X[1".
Update w,, via (12.14); update (Dt_-l—ll via (12.16).
Update data matrices with normalized data

AN AN

X\1> Xogs1> Ugyer using the weights of (12.15).

. N -, [K
7: Policy parameterization: V, | = CD;LIl [ In’]

8: One step projected gradient descent
V,:.1 = Vi1 — 1 H):(OvnWHI(VJtH(VrH))-

9:  Gain update: K, | = ﬁo,z+1 V..
10: end for

12.3.4 DeePC

In our setting, the DeePC algorithm predicts the system’s future trajectories
without requiring an explicit model. Given a dataset of length T', containing
the measured inputs i, € R™ and outputs y, € R” [12], we construct the
corresponding Hankel matrices }, of depth £ as

U Ur_p
H,@PeePCy .= | U1 B2 Uresn | (12.22)
ﬁf—l ﬁf ﬁT—l
H /() is defined analogously. Here
¥, =[x ¥, 0,1, (12.23)

represents the pose of the bicycle and

o, = [, 7], (12.24)
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provides the desired lean angle and forward velocity for the inner control loop.
By selecting an initialization horizon T;; and a prediction horizon H, the input

and output Hankel matrices are partitioned as
H () U H @ Yo
u = b P = 9
Tini+H Uf Tm1+H y Yf
where (U,,Y,) correspond to the past data and (U, Y,) to the future trajec-

tories. At each sampling instant, DeePC solves the following finite-horizon
optimization problem:

TP SPN P 2
min Iy = Yallg2 + [0 =0yl go + Agallg—84ll5

+ Ainill Y, 8 — Yiils + G — 99T Py — %)

U, Ui (12.25)
Y g
q — ini
S.t Uf g l:l s
Y, y
where y;{ el = [y;f, yf+ 1o ,§7f+ ] represents the desired trajectory and 1, =

[0, 3.33m/s] denotes the nominal input. Before the input is passed to the inner
FL-DeePO controller, the discrete-time derivatives ('pf and 1);1 are computed,
yielding the complete desired state vector x4 = [¢?, @7, v?, v¢]T. Moreover,
g is the coefficient vector describing a feasible trajectory, 4,4 and 4;,; are regu-
larization parameters [12]. The weighting matrices Q and R penalize the devi-
ation from the desired outputs and the control effort, respectively. The vector
g, represents the steady-state trajectory that best aligns with the desired sig-
nals by linearly combining the columns of the Hankel matrices. Among all
possible combinations consistent with the desired signals, g, is the minimum-
norm solution, providing a compact representation of the desired steady-state
behavior [15]. To further promote stability and smooth convergence toward the
terminal desired pose, a terminal quadratic penalty is added on the predicted
output at the end of the horizon. The corresponding terminal weighting matrix
is P=1,x10%

In this paper, DeePC is placed in the outer loop of the cascade architecture,
as illustrated in Fig 12.2. The optimization problem in (12.25) is solved at every
sampling interval using the OSQP quadratic programming solver at a sampling
rate of 0.1s [21].

The Hausdorff distance d (A, B) [22], provides a measure of similarity
between two parametrized curves, A and B:

dy(A, B) = max { supinf d(a, b),supinf d(a, b) } s (12.26)
acA beB beB acA
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where d(a, b) is the Euclidean distance between the points a and b. To find the
parameters of the DeePC problem in (12.25), we formulate another optimiza-
tion problem aiming to minimize the Hausdorff distance between the desired
trajectory and the bicycle trajectory:

Q ﬁn}in,l dH(y(b y(QA’ jé, A‘gd’ /lini))
> AgdsAing
s.t. 100 < Q,; < 600,
0.001 < R;; <50,
10 < Agq < 500,
10° < A, < 101°,

(12.27)

where §(-) denotes the measured trajectory of the bicycle.

12.4 Results

In this section, we first present the bicycle we used in the simulation. Next, the
setup of the controllers is presented, followed by the results from simulations
and insights from the results.

12.4.1 Simulation setup

To evaluate the performance of the proposed method, a CAD model of an
instrumented bicycle is imported into MathWorks Simscape and controlled
through Simulink. Two revolute joints connect the front and rear wheel to the
main frame, and the actuation of the rear wheel is controlled by u,(¢) = 0. To
model the rear wheel motor, a simple low-pass filter

G(s) = —, (12.28)

is utilized. Moreover, a third revolute joint connects the front fork and handle-
bar to the mainframe and is controlled by u(¥) = 6(t). The steering dynamics
is modelled using a step response matching procedure [4], and the resulting
transfer function from the control signal to the applied steering rate

_ 100+ s
100

is put in series with the bicycle model as illustrated in Fig 12.2. The steering
rate control signal is saturated at +4rad/s, and has a resolution of 0.024rad/s.
Zero-mean Gaussian noise was added to all measured and estimated signals in

H(s)

(12.29)
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Figure 12.3: Optimal value solving (12.27) for different values of H and T;;.

both the inner and outer control loops. Each noise component &; was drawn
from a normal distribution & ~ N(0, 0'1.2) with o; = 0.01. The noise was
applied to ¢,, 6,, x;, ¥;, ¥, U, and their respective derivatives.

An initial simulation is conducted where the bicycle is controlled using
only the FL controller and a persistently exciting input, i.e, u, = ufL + u? =
uf Ly ulP E . the input and error state data are sampled at 100Hz. We use 1000
input and output samples to solve (12.12) and obtain an initial policy for DeePO
with Opeepo = diag 50,1,0.1, Rpepo = diag1,10, 7 = 107, y = 0.1, and
Ap=1- 10*. Next, the switch (s,) in Fig. 12.2 is moved from a; to f;, while
s, is placed in @,. Another simulation is conducted using DeePO and FL for
stablizing the bicycle while tracking the desired states xf’P E which consist of
a slow varying sinusoidal with a low amplitude, high frequency pseudoran-
dom binary sequence (PRBS) for (pf and Uf , while (,'of and D;’ are obtained
by computing the discrete time derivative of (p;’ and vf’ . The input and output
data, with length T" = 331, are sampled at 10Hz and later used for design of
the DeePC controller. As the performance of DeePC on a nonlinear system is
heavily influenced by the data, a grid search is conductedon T;,; = [1,2, ..., 10]
and H = [10, 15, ...,30], where the problem (12.27) is solved for each com-
bination using Matlabs patternsearch routine, and each set of parameters is
evaluated by tracking the desired trajectory given in Fig. 12.4, using the control
system given in Fig. 12.2.
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Trajectory tracking
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Figure 12.4: Trajectory tracking using the proposed FL-DeePO-DeePC scheme, com-
pared to a PID-MPC scheme [23].

12.4.2 Simulation results

The results of solving the problem in (12.27) are given in Fig. 12.3 over dif-
ferent prediction and initialization horizons. The best set of parameters Q =
diag 510.7,423.4,423.4, R = diag 5x1073,42.5, Aogq = 47.24, Aipyi = 5%108 are
obtained with H = 30 and 7;; = 1 resulting in d;; = 3.03m. The trajectory
tracking performance of the bicycle using the best set of parameters is presented
in Fig. 12.4. The tracking performance of the DeePO and FL controller for the
desired states, X;l , 1s given in Fig. 12.5. Moreover, to evaluate the performance
of our proposed FL-DeePO-DeePC scheme, we compare it to the results of us-
ing a PID-MPC scheme in our previous work [23]. The PID was used in an
inner loop for balancing the bicycle through actuation of the steer rate, and the
MPC in the outer loop tracked a given trajectory and generated references for
the PID. The comparison is presented in Fig. 12.4, where the PID-MPC scheme
resulted in a dj; = 0.359m.

12.4.3 Discussion

The results demonstrate that the proposed FL-DeePO-DeePC cascade can
maintain balance and achieve reliable trajectory tracking of the nonlinear
bicycle. The DeePO controller enhances the performance of the FL controller,



192 12.4. Results

"o
)
=
S
_20 I I I I
d I I I I
Forward velocity
: : T T
Measured Desired ‘ i i
45 v T — - - [ [
I I I I
I I I I
= 4 ,,,,,,,, [ | [ [—
< | I I I
£ I I I I
2 35 | - - iy AT B i il
- Py i " i
3 ,,,,,,,,,, 8 [ — [
I
I
Input u,
T T T
i ‘ Total input DeePO contribution ‘ i i
l ‘ ‘ | |
— i I I
Z I I
3 |
3
Input u,
T
i ‘ Total input DeePO contribution
10 L g gy T - —-—————-—- ; ,,,,,,,,,,,,,,,,,,
N
£
s 0

Time [s]

Figure 12.5: The tracking performance of the FL-DeePO controller. The first two
plots show the tracking of the desired lean angle and velocity, respectively, while the
last two plots highlight the DeePO contribution in the total input.
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while the DeePC controller in the outer loop realizes the trajectory tracking
based only on nonlinear, noise-cluttered input-output data of the system.
Nevertheless, the model-based PID-MPC benchmark clearly outperformed the
proposed data-driven approach, yielding a Hausdorff distance of d; = 0.36m
compared to di; = 3.03m for the best DeePC configuration. This can be
explained by the fact that the MPC uses a given bicycle model of the system
and state feedback, while DeePC predictions rely on finite Hankel matrices
that approximate the nonlinear dynamics only locally, and are cluttred with
noise. To close the gap between MPC and DeePC, there are several options
that can be explored, for example, improving the excitation data, refining the
regularization, or combining model-based and data-driven elements similar to
the FL-DeePO setup in the inner control loop.

The grid search results in Fig. 12.3 suggest trends in the Hausdorff distance
with respect to the initialization and prediction horizons. Smaller T} ; gener-
ally yielded better performance, suggesting that shorter past windows of data
are sufficient to capture the relevant system behavior. In contrast, increasing
H improved performance to H = 30, beyond which the improvement satu-
rated. Thus, a longer horizon enhances prediction but increases optimization
complexity.

Despite the performance gap between a model based and data-driven tra-
jectory tracking controller, the DeePC controller remained stable and feasible
across all tested horizons and required no explicit dynamic model, highlighting
its robustness and ease of deployment.

12.5 Conclusion

This paper presented a cascaded control architecture combining FL, DeePO,
and DeePC for balance and trajectory tracking of an autonomous bicycle. The
scheme achieved full trajectory tracking in simulation using only measured in-
put—output data.

To improve numerical conditioning for datasets with differing units and
magnitudes, a normalization step is incorporated into the DeePO algorithm.
Moreover, a forgetting factor is added to DeePO to enhance adaptability to
nonlinear and time-varying dynamics in the balance controller. In the DeePC
algorithm, regularization is used to cope with nonlinearities, and a terminal
constraint is applied to improve stability at the end of the horizon. However,
comparison with a model-based PID-MPC approach revealed a significant per-
formance gap in tracking precision.

Possible future research directions include adaptive hybrid strategies that
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integrate DeePC with approximate models, extend the dataset online, and val-
idate the proposed approach experimentally on the physical platform.
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