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Abstract

The increasing complexity of modern Cyber-Physical Systems (CPS) necessitates
advanced control techniques. Abstraction-based control, a promising approach, involves
discretizing the continuous state space of a system into a finite abstraction, synthesizing
a controller on this abstraction, and then applying it back to the original system. The
Dionysos.jl framework emerges as a tool to address the scalability challenges of abstraction-
based control by implementing "smart" abstractions that leverage non-uniform cell shapes
and local feedback controllers.

To demonstrate and validate the effectiveness of these techniques, a bipedal robot
serves as an ideal testbed due to the inherent complexity of achieving stable locomotion.
This thesis focuses on identifying a model of the bipedal robot and implementing it in
Julia for integration with Dionysos. The model, based on the Euler-Lagrange formalism,
incorporates physical parameters and actuator characteristics.
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Introduction

The L2C (Learning to Control) project ! is a pioneering initiative aimed at addressing
the growing complexity of modern Cyber-Physical Systems (CPS) through the develop-
ment of advanced control techniques. The core strategy of the project is to construct
correct-by-design controllers by discretizing the continuous state space of a system,
synthesizing a controller from this abstraction, then applying the controller back to the
real system. This process is known as abstraction-based or symbolic control.

Within this context, the Dionysos.jl framework emerges as a concrete tool to reach the
goal of L2C. A significant issue in abstraction-based control is the "curse of dimensionality",
where the computational effort grows exponentially with the system’s size, affecting
scalability. Dionysos.jl addresses this issue by implementing new "smart" abstractions,
precisely to reduce this scalability issue. These smart abstractions leverage various
techniques, such as using non-uniform cell shapes (e.g., ellipsoids) and employing local
feedback controllers within each cell to improve the accuracy and efficiency of the
abstraction process.

To demonstrate and validate the effectiveness of these advanced control techniques,
a bipedal robot has been designed and constructed. Bipedal robots provide an ideal
testbed, due to their inherent complexity of achieving stable walking or running gaits
under various conditions. Successful control of bipedal robots would not only demonstrate
the capabilities of Dionysos.jl but also contribute to the advancement of robotic field
with a novel control approach.

The objective of this thesis is to identify a model of the bipedal robot and implement
this model towards further integration with Dionysos in Julia. The model will be based
on the Euler-Lagrange formalism, a widely used method in robotics for deriving equations
of motion. The model will incorporate the physical parameters of the robot, including
masses, lengths, and inertias of the links, as well as the characteristics of the actuators,
such as friction.

The thesis starts with the State of the Art in Chapter 1, which provides an overview
of the existing literature on bipedal robots, their modelling, and control strategies. It
covers the fundamentals of planar bipedal robots, the derivation of their dynamic models
using the Euler-Lagrange formalism, and the various simplified models used in the
literature. Additionally, it discusses actuator modelling, focusing on DC motors and
friction compensation techniques, and concludes with abstraction-based control strategies
already applied on bipedal robots.

"https://perso.uclouvain.be/raphael.jungers/content /erc-consolidator-grant
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Next, Chapter 2 details the modelling of the specific 5-link planar bipedal robot used
in this thesis. It describes the robot’s hardware and software components, the derivation
of its dynamic model, and the necessity of friction compensation.

After that, Chapter 3 focuses on identifying the parameters of the robot’s dynamic
model, particularly those related to friction in the actuators. It presents two methodolo-
gies: a basic experimental approach and an optimization-based approach.

Once the model is identified, Chapter 4 validates the model through a series of
experiments with various input signals, and also explores potential model improvements.

Chapter 5 details the implementation of the validated model in Julia. It discusses the
advantages of a component-based modelling approach and addresses the challenges of
simulating Coulomb friction.

Finally, Chapter 6 outlines the formulation of two control problems as a first step
towards integration with the Dionysos framework.

viii



Chapter 1

State of the art

Bipedal robots, a subset of legged robots, are engineered with the objective to replicate
some human characteristics. The motivations of engineers and researchers to study this
field are diverse and numerous, ranging from prosthesis improvements to operations in
dangerous environments. Nature has done things well, by optimizing human during
several million years to develop an efficient form of locomotion—characterized by energy
efficiency, stability across various terrains, and the ability to maintain balance even when
disturbed. Since human environments are thought with bipedal movements in mind,
let’s think at the stairs for example, ensuring that robots can seamlessly integrate in
our environments requires them similar locomotion abilities. Moreover, understanding
and being able to replicate human movements allows the use of well-designed actuated
prostheses for human rehabilitations. On technical side, bipedal robots are cyber-physical
systems, which integrate both software (discrete) and real-world physics (continuous)
processes, presenting challenges at control level. Combining low-level constraints, such
as actuators maximum torque, to high-level objectives, like navigating hazardous terrain,
is an open challenge. The complexity of accurately formulating the control problem for
such hybrid (both continuous and discrete) systems raises new questions and leads to
new technical innovations [12].

Non-classical control approaches are necessary for such complex systems. The correct-
by-design synthesis of controllers, ensuring formal guarantees, can be achieved through
abstraction-based technique. This technique relies on transforming the complex state-
space of the hybrid system, the bipedal robot, into a finite state-space, in a sense reducing
the complexity of the original system, while ensuring control performances. However,
this technique is subject to the "curse of dimensionality", the abstraction becomes
exponentially more complex with the number of degrees of freedom of the original system.
To address this, the Dionysos.jl framework implements novel smart abstraction strategies
[42]. Applying these model-based techniques on bipedal robots necessitates one thing : a
model of the robot. Therefore, the subsequent sections will present the modeling of the
bipedal robot to ensure its seamless integration with Dionysos.jl, setting the stage for
advanced control applications.

The chapter begins with an introduction to the fundamental principles and diverse
implementations of planar bipedal robots. This is followed by an in-depth exploration
of the modeling of 5-link planar bipedal robots, including the derivation of their full
Lagrangian models and the presentation of various simplified models. Then, the actuator
modeling is detailed by presenting various friction models and methods for parameter
identification. It is followed by a discussion on abstraction-based control strategies of
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bipedal robots. The last section concludes the chapter by summing up the discussed
notions.

1.1 Fundamentals and implementations of planar bipedal
robots

Actuated bipedal robots can be categorized into two main groups: planar (2D) and
three-dimensional (3D) robots. The 2D bipedal robots operate within the sagittal plane
(the plane that splits human body into left and right parts), being able to move only
forward and backward. On the other hand, 3D bipedal robots function in both the
sagittal and the frontal planes, the last being the plane that splits human body into front
and back parts. 3D robots are inherently more complex, due to their additional degrees
of freedom compared to 2D robots.

For the purpose of the study, we will focus primarily on 2D robots, studying funda-
mental locomotion dynamics without the complexities of full spatial ones. Eight specific
2D models from the literature are presented, illustrating the diversity in implementations.
Each planar bipedal robot is constrained to the sagittal plane by a boom, either radial or
linear. Figure 1.1 visually illustrates each of the discussed robots, allowing for a better
understanding of their structures and mechanical designs.

AMBER2
4

RABBIT DURUS-2D runner ATRIAS

Figure 1.1: Eight notable 2D bipedal robots, each using a boom mechanism to constrain
movement to the sagittal plane, including : ERNIE [27], AMBER [15], AMBER2 [18],
AMBERS3M [20], RABBIT [4], DURUS-2D Runner [24], MABEL [22], and ATRIAS [26].
This illustrates the diversity in design and mechanical structure within planar bipedal
robotics.

Starting with RABBIT, ERNIE and AMBER, these robots feature a five-link
structure (two tibias, two femurs, and a torso). Their knees and hips are powered
with DC motors, and the feet are curved or pointed, and so, underactuated [4, 27,
15]. AMBER?2 advances the design with actuated feet, adding two links and two DC
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motors on it. This allows multi-domain walking gaits, across phases of full, under, and
over-actuation, approaching human locomotion [18]. DURUS-2D distinguishes itself by
its legs with springs to store energy during impacts, giving efficient high-speed running
[24]. AMBERS3M represents a modular upgrade of AMBER and AMBERZ2, offering
interchangeable feet designs—flat, point, or spring—to adapt to varied experimental
needs [20]. MABEL is designed with built-in springs that store kinetic energy during
running gaits, improving overall efficiency and speed [22]. Lastly, ATRIAS, a 3D bipedal
robot, is mentioned to illustrate the possibility of constraining into the sagittal plane a
3D robot using a boom. This adaptation allows it to effectively be used in planar studies,
demonstrating a method of simplifying complex robots for specific research needs [26].
FEach of these designs highlights different aspects of the existing mechanical and
control strategies of bipedal locomotion. By constraining the motion to the sagittal
plane, researchers can focus on the key dynamics of walking and running, thus providing
valuable insights into the development of more advanced 3D bipedal robots in the future.

1.2 5-link planar bipedal robot modeling

For the remainder of this study, the focus will be on the specific case of 5-link planar
bipedal robots, illustrated by the previously presented RABBIT, ERNIE and AMBER’s
series robots with pointed feet, and consequently underactuated. First, the full hybrid
model of the robot is derived. Then, possible simplifications of the model are presented.

1.2.1 Full Lagrangian model

The following analysis is primarily derived from the work of C. Chevallereau et al.
in [4] and [6]. In the general case, without constraints or contacts, the robot has 7
degree-of-freedom (DOF), i.e. :

e 5 DOF for the orientation of each links
e 2 DOF for the position of the body in the sagittal plane, along x and y axis

As the robot has 4 actuators, the system is under-actuated. 14 state variables are
necessary to describe the system, 7 variables to describe the positions, and 7 variables
to describe the velocities. Figure 1.2 presents the system and 3 possible phases: the
flight phase, the stance phase or single support phase, and the double support phase.
In the single support phase the center of mass of the robot is fully determined by
the orientation of the links, reducing the system to 5 DOF, hence 10 state variables.
The actual continuous dynamic model of each phase can be obtained by deriving the
Euler-Lagrange equations:

(5)-5--m (1.1)

dt \ 9¢; 9qi
where L is the Lagrangian, defined as the difference between the kinetic energy and the
potential energy, ¢; is the vector of state variables, and I'; is the vector of generalized
forces (external forces and torques) [4].
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(a) (b) (c)

Figure 1.2: The robot can be in 3 possible phases: (a) in flight phase, (b) in single
support or stance phase, and (c) in double support phase phase [4]

The derivation of the Euler-Lagrange equation for each phase is presented now.

Flight phase

During the flight phase, the robot has no contact with the ground, and therefore, no
ground reaction forces are present. Applying the Lagrange equation yields [6]:

My(q)i+ Cy(q,4)q + Gy(q) = Byu (1.2)
where :

e ¢ € R7 is the vector of generalized coordinates, expressed as (X Y @1 g1 q32 qu q42),

where (X,Y) represents, for example, the position of the center of mass in the
sagittal plane.

o My(q) € R™*7 is the mass or inertia matrix.
e Cs(g,4) € R™T is the Coriolis and centripetal force matrix.
« Gy(q) € R7 is the gravity vector.

« The vector of generalized forces I'; simplifies to Byu, where By € R7*4 defines the
input matrix that maps the joint torques vector v € R* into the model.

The dynamics described by the equation 1.2 can be represented in a more abstract
form. For control design and simulation, it is often useful to introduce a state-space
representation of the system, expressed as [6]:

&= fr(z) + gp(w)u

Here, x is the state vector with both the generalized coordinates ¢ and their velocities g,
ff(x) represents the system’s dynamics, including the effects of inertia, gravity, Coriolis
and centripetal forces, while g¢(z) characterizes how the control inputs u influence the
state.
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Single support phase

During the single support phase, one leg (the stance leg) maintains contact with the
ground, acting as an ideal pivot, while the other leg (the swing leg) is free. The
ground contact introduces a holonomic constraint, reducing the system’s degrees of
freedom from 7 to 5. Consequently, the generalized coordinate vector (q) is redefined as

(fh g31 32 qu Q42) [6].
Applying the Euler-Lagrange equation (Equation 1.1) to this constrained system
yields the following dynamic equation [10]:

M(q)G + Cs(q,q)q + Gs(q) = Bsu + Eg(q) Fext (1.3)

where:

o My(q) € R™®, Cy(q,q) € R®, Gs(q) € R®, and B, € R>** differ respectively
from My, Cy¢, Gy, and By due to the reduced degrees of freedom.

e E, € R% is derived from the principle of virtual work and maps the vector of
ground reaction forces acting on the stance foot F*** into the model.
Moreover, if we assume that the Cartesian coordinates (X Y) represent the position

of the stance leg end (xl y1>, and that we assume no slipping at the contact point

(i.e., the pointed foot is stationary), we can then solve the ground reaction forces F¢ as
explicit functions of the generalized coordinates of the links (q), their velocities (¢), and
the joint torques (u) [10]. The dynamic equation 1.3 simplifies to:

M;(q) + Cs(q,4)q + Gs(q) = Bsu (1.4)

Similar to the flight phase, we can represent the single support dynamics in a state-space
form:

T = fs(x) + gs(x)u
Instantaneous double-support phase, or impact phase

The impact phase is the brief moment when the swing leg contacts the ground, the
double-support phase being considered as instantaneous. This contact is often modeled
as an instantaneous, inelastic collision [4, 6, 10]. The robot’s configuration remains the
same during this phase, but the velocities undergo abrupt changes due to the impact.
To simplify the analysis and simulation, the following assumptions are made [4]:

1. Instantaneous impact.
2. No rebound or slip of the swing leg upon contact with the ground.

3. Stance leg lift off the ground without any interaction or influence on the impact
dynamics.

4. Impulse forces models the ground reaction forces during impact.
5. No configuration change of the robot during the impact.

6. Negligible actuator impulses: the torques generated by the robot’s actuators are
assumed to be negligible during the impact.
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Under these assumptions, the impact model accounts for the relabeling of the robot’s
coordinates, which occurs after each instantaneous phase of double support. The
development of the impact model requires the full 7 DOF of the robot. By taking the
(X,Y) Cartesian coordinates as the (x g, yp) coordinates of the hip, the following model
is once again obtained through the method of Lagrange:

M;(q)d + Ci(q,d)d + Gi(q) = Biu + E;(q) F™ (1.5)

It is shown in [5], that it is possible to solve the equation for the velocities of the robot’s
links just before and just after the impact, respectively ¢~ and ¢*. These last should then
be used to re-initialize the model for the next phase just after the impact. A relabeling
is then necessary, as the swing leg becomes the stance leg just after impact. The final
expression of the impact dynamic is :

T =A(x7) (1.6)

where 2 := (¢, ") is the state value just after impact expressed in terms of 2~ := (¢7, ¢~ ),
the state value just before impact.

Hybrid Model

Finally, the complete dynamics of the 5-link planar bipedal robot can be represented
as a hybrid dynamical system. A hybrid system is one that integrates both continuous
and discrete dynamics within a finite automaton. In the context of bipedal robots, this
system combines the continuous dynamics of the flight and single support phases with
the discrete dynamics of the impact phase. Mathematically, the hybrid model can be
expressed as:

i = {ff(:c) +gf(1:)u, if x € Xf

fs(x) + gs(z)u, ifze X (1.7)
zt =A(z7), ifzm eS8

where:

e x is the state vector, with both generalized coordinates ¢ and their velocities q.

e f¢(z) and g¢(x) define the continuous dynamics during the flight phase.

fs(x) and gs(z) define the continuous dynamics during the single support phase.

o A(x7) describes the discrete dynamics during the impact phase, mapping the state
just before impact (z7) to the state just after impact (z7).

« X C R is the set of all states belonging to the flight phase.
e X, C R' is the set of all states belonging to the single support phase.
o &S is the switching surface that triggers the impact event.

This hybrid model allows for precise analysis and simulation of 5-link planar bipedal robots.
However, its high order and hybrid dynamics pose challenges in terms of computational
efficiency for both simulation and control design. To mitigate these challenges, the
subsequent section will explore simplified models that offer reduced complexity while
still capturing the essential dynamics of bipedal locomotion.
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1.2.2 Simplified models

As the full dynamic model can be challenging to control due to its complexity, simplified
models and methodologies are often used in the literature. These models, while less
complex, are still highly effective for many applications, offering a practical balance
between computational efficiency and necessary dynamical fidelity. The most common
ones are briefly introduced.

Linear Inverted Pendulum Model (LIPM)

The Linear Inverted Pendulum Model (LIPM) is a simplified model used to represent
the dynamics of a bipedal robot during the single support phase. It differs from a
simple inverted pendulum model (SIPM) in the following sense : the robot’s center of
mass (CoM) is constrained to move at a constant height, as shown in Figure 1.3. This
assumption allows the dynamics of the robot to be linearized, making it easier to analyze
and control [29].

Figure 1.3: (a) The simple inverted pendulum compared with (b) the linear inverted
pendulum model, where the CoM remains at constant height [29].
The dynamic equation of the LIPM is given by:

9

Zcom

&= x (1.8)
where x and z are respectively the horizontal and vertical positions of the CoM, and g is
the gravity acceleration.

In [29], the author presents a method to derive the linear dynamics of a 2D biped
robot that walks on flat ground. This method can be effectively extended to walk on
uneven ground in three dimensions.

In [34], the authors use the LIPM to determine the step duration and desired
momentum at the beginning of each step of the bipedal robot. They then use online
optimization to generate the desired vertical CoM trajectory.

Spring Loaded Inverted Pendulum Model (SLIPM)

The Spring Loaded Inverted Pendulum Model (SLIPM) represents the hip of the bipedal
robot as a point mass, connected to two massless springy legs. By adding the compliance
of the legs, running gaits can be more energy efficient as it becomes closer to the motion
observed in human gaits.



8 CHAPTER 1. STATE OF THE ART
The dynamic equation of the SLIPM is given by:

fo = —(f1(26) + f(zc)) + g0 (1.9

where Z¢ is the acceleration of the center of mass (CoM), m is the total mass of the
robot, fr(xzg) and fr(xzg) are the spring forces of the left and right legs, and go is the
acceleration due to gravity [14].

SLIPM was successful at generating stable periodic gaits for planar robot, as presented
n [14]. The authors design a controller that tracks the desired CoM trajectory generated
by the SLIPM, taking advantage of the model’s open-loop stability. The controller also
includes additional actions to increase robustness and reject external disturbances.

Hybrid Zero Dynamics (HZD)

The Hybrid Zero Dynamics (HZD) method is a framework for designing feedback control
laws that induce stable walking and running motions. The main idea is to reduce the
dynamics of the robot by defining a set of output functions, called virtual constraints, and
to control them to 0. These virtual constraints are designed to create a lower-dimensional
zero dynamics domain in the original robot’s state space, where the system’s dynamics
are simplified and easier to control [21].

The HZD method involves the following steps:

1. Virtual constraint design: Define a set of output functions that take into account
the desired motion of the robot g4, such as the position of the center of mass,
joint angles, or foot trajectories. Then we define the following equation, and the
objective will be to control it to zero :

Y(q) == Ya(q) — ya(7(q), @) €R™ (1.10)

where y, is the actual output, 7(¢) is a phase variable that parameterizes time,
and « is a set of parameters that can be adjusted to tune the desired output.

2. Feedback linearization: Design a feedback control law that drives the actual outputs
to track the desired outputs, effectively restricting the robot’s motion to the zero
dynamics domain. Such law can be defined as :

Z:={zxeD | y(x)=0 and y(z)=0} (1.11)
where x is the state of the robot and D is the domain of the system.

3. Hybrid Invariance: To ensure stability of the overall dynamics, it is necessary to
ensure hybrid invariance of the zero dynamics, mathematically expressed as:

T €SNZ = zt=A@@)eZ (1.12)

By enforcing hybrid zero dynamics, the HZD method guarantees that the robot’s motion
will converge to and remain on the desired zero dynamics domain, resulting in stable and
robust locomotion [21]. This approach has been successfully applied to various bipedal
robots, including AMBER [15], MABEL [22], and DURUS [24], to achieve stable walking

and running gaits.
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1.3 Actuator modeling

Electric motors are widely used in bipedal robot thanks to their ease of low-level joint
control, increased bandwidth capabilities, and simpler assembly relative to hydraulic or
pneumatic alternatives [11]. Servomotors, in particular, offer lot of control capabilities,
including position, velocity, and torque control, making them suitable for bipedal loco-
motion. Servomotors can also have integrated sensors, like encoders, allowing compact
mechanical designs.

However, servomotors often act as "black-box" systems with proprietary firmware
and incomplete datasheets, limiting their potential. While internal controllers (often
Proportional-Integral-Derivative (PID) controllers) effectively manage position control
in static conditions, they fail for complex trajectory tracking, leading to delays and
distortions. This is a problem for humanoid robots that require precise, dynamic, and
torque-intensive movements [23].

Friction compensation allows to build more robust controllers, as the latter needs
then to manage smaller perturbations. This not only reduces energy consumption but
also results in more compliant robot movements when dealing with disturbances [17].

The rest of the section will first present the model of a direct current motor, followed
by common friction models and lastly several ways to identify the parameters of the
models.

1.3.1 Direct Current (DC) motor model

The motor model that will be further referred is the one of the permanent magnet direct
current (PMDC) motor. Figure 1.4 shows the motor schematic, with the electrical and
mechanical parts.

i

Va (\/ Armature circuit v, = ke

q Tem

Figure 1.4: DC motor schematic with on the left the electrical part, and on the right the
mechanical one [16].

The electrical equation of PMDC motors is classically :

. di .
U, = Ryi, + Lad—; + keg (1.13)
In this equation, U, is the motor’s armature voltage, R, is the armature resistance, and
ke is the back electromotive force (EMF) constant expressed in Vs/rad. The mechanical
equation is described by the following equation of motion:

_ %

=7 (1.14)

Tem — Tf
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where 7., and 77 denote the electromagnetic and friction torques, respectively, and J is
the system’s inertia.
The electromagnetic torque for a DC machine with permanent magnet excitation is
defined as:
Tem = Kila (1.15)

where k; is the torque constant.

1.3.2 Friction models

In the literature, there are many friction models that can be used to describe the friction
torque 77 of Equation 1.14. The most common friction models are discussed below.

The classical static models

The most common approach to model friction combines Coulomb friction, viscous
friction, and the Stribeck effect. Coulomb friction, 7., represents a constant friction
torque characteristic of dry contacts. The viscous friction component, K, is proportional
to the relative velocity of the two surfaces in contact. It is observed that higher torque,
Ts, is needed to initiate movement than to maintain it, leading to well-known stick-slip
behaviour. The Stribeck effect, identified by Stribeck, highlights that the transition from
static to dynamic friction is not discontinuous but follows a curve that decreases with
increasing velocity in lubricated conditions. The complete classical model can then be
expressed as [9]:

TF = Sign(d) (Tc + (Ts - Tc)e_(q/qs)(;) + Kyuq (1'16)

where 7, is the Coulomb friction coeflicient, 75 is the static friction coefficient, ¢ is the
Stribeck velocity, § is an empirical parameter, and K, is the viscous friction coefficient.
Figure 1.5 illustrates each friction curves.

S~ 8~ ha

% T / = T / " T

3 c 8 s ) s

g = g

2 8 8 -(5)

g g 5 ‘
Angular speed ¢ Angular speed ¢ Angular speed ¢

(a) (b) (c)

Figure 1.5: From left to right: (a) Coulomb friction and viscous friction; (b) Addition of
static friction; (c) Stribeck curve [9].

Dynamic models

If more precise friction modeling is needed, the listed dynamic models below take most
friction behaviours into account :

e The Dahl model describes in a simple way observed hysteresis and pre-sliding
displacement. It is often expressed as :

dry _ o (1 - 7—fsign(q')>

dx Te
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where o is a stiffness coefficient [1, 2].

¢ The LuGre model, widely used, combines the Dahl with the Bristle model, where
the contact surface is composed of many little bristles. These bristles represent
elastic deformation, each generating friction. A set of non-linear equations is needed
to describe the model, and combines the classical static friction parameters (7g, 7,
K,, and the Stribeck velocity ¢s) with 2 dynamic parameters that characterize the
bristles state. Six parameters need to be identified, which is a challenging task [39].

o The Generalized Maxwell-Slip (GMS) model is considered as the most
advanced among the discussed models. It is composed of multiple Maxwell-Slip
elements (spring and damper element) in series or parallel configurations. Stiction,
Stribeck effect, transient behaviours like pre-sliding, and hysteresis phenomena are
all modelled with GMS [7]. Its accuracy is verified experimentally in [7, 8].

For the curious reader about other models of friction, [2] goes through a variety of
static and dynamic models.

1.3.3 Parameters identification

Identification of parameters in DC motors is challenging due to the non-linear nature
of friction and its direct impact on motor behaviour. Moreover, it is observed that
friction varies over time [3]. Factors like temperature and lubricant distribution can
impact measurements, making it difficult to maintain consistent conditions. This section
proposes an overview of the way searchers have identified parameters of PMDC motors
and its friction.

Experimental setups varies from isolated motor connected to variable inertia’s [33]
to setups that are close to the real operational conditions, such as actual soccer robot
performing kicking [17, 23]. The input signal is designed to excite as much states as
possible of the motor system. Square waves, sinusoids with varying frequencies (Fourier
series), or step changes are commonly used signals [28, 32]. The selected friction model
depends on the actual requirements of searchers, varying from simple viscous friction
models to more complex ones like the previously introduced GMS model.

Once the experiment and the model is clearly defined, several methods are used to
identify the parameters. Optimization algorithms like Iterative Learning Control (ILC)
[17], Covariance Matrix Adaptation Evolution Strategy (CMA-ES) [23], or bio-inspired
algorithms are used [32, 40]. Other searchers isolate parameters by doing different
experiments, each isolating specific parameters [33].

The validation of the identified models is done with experimental data by assessing
the goodness of fit. Metrics like the Normalized Root Mean Square Error (NRMSE) and
Mean Square Error (MSE) are used for this purpose [32]. Another solution is validate
the model by integrating it directly into the real-world application and evaluating its
performance, compared to simpler models [17, 23].

1.4 Abstraction-based control strategy for bipedal robots

The main goal to be reached with this thesis is to build the model of the bipedal robot
available in the lab in order to apply the smart abstraction-based control technique
implemented in the framework Dionysos.jl presented in paper [42]. This section will
briefly introduce the main idea of this technique, and compare it with similar researches.
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The infinite state-space of the concrete system, namely the bipedal robot, is discretized
into a finite state-space, called the abstraction of the original system. An abstract
controller is then synthesized on this finite state-space, and finally concretized on the
original system. A visual representation of the steps is presented in Figure 1.6.

Concrete problem Abstract problem
-------------------- i L
E Concrete specification ¥, 1 Abstract specification X5 |
I ! ! !
! :- ' 1) Abstraction 1 :— '
— ! — !
5 v— T :
: ! ' :
1 ]
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! 1
1 I 1
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v - . " i controller
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1 i ' . synthesis
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' Infinite state-space | ! Finite state-space '
I_ ___________________ : e e e e e e — e — = = 1
v
U1 |concrete controller| L1 U2 | Abstract controller | L2
C1 & Ca

3) Concretization

Figure 1.6: Abstraction principle, the original system is first abstracted into a finite
state-space. An abstract controller is synthesised and concretized back on the original
system [42].

This approach of using classical abstraction has already been done by Aaron D. Ames
et al. in [22] in a certain way. The main problem with abstraction-based control is the
"curse of dimensionality", i.e. exponential increase in the number of states within an
abstraction as the dimensions of the original system grow. To address this challenge, the
authors propose a two-step approach :

1. Dimensionality reduction : using feedback linearization (partial hybrid zero dy-
namics, a variation of previously introduced hybrid zero dynamics), they control a
lower-dimensional surface of the robot’s states.

2. Abstraction-based control on reduced dynamics : this simplified system is then
abstracted into a finite-state model, and is further used to synthesize a controller
that enforces the system to remains in safe states.

The authors acknowledge a gap between the theoretical controller and its practical
implementation. The formally correct controller, designed in the abstract space, doesn’t
perfectly concretize to the real-world robot due to factors like un-modeled phenomena.
On real experiments, they followed these steps :

o Trajectory Generation: Instead of directly implementing the abstract controller,
they integrate the simplified model’s equations to generate reference trajectories
for the robot’s joints.

e PD Control: They use PD controllers at each joint to track these reference trajec-
tories.
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A notable feature of abstraction-based control is the correct-by-design one, which gives
formal guarantees to the controller. Other researchers have implemented discretization
techniques of the state space, like the graph-based model predictive control [13], but no
formal guarantees are present.

Dionysos.jl aims at dealing with the "curve of dimensionality" challenge by building
smart abstractions of the state-space, using ellipsoids to discretize the state-space. Then
affine feedback laws allows more precise and flexible control compared to traditional
methods that use piecewise constant control signals.

1.5 Conclusion

In conclusion, there is a wide range of bipedal robots, categorized mainly into three-
dimensional and planar robots. This chapter has primarily focused on planar robots,
starting with several existing designs and their characteristics.

The discussion then narrowed to the specific case of the 5-link planar bipedal robot.
The Lagrangian model was derived for several motion phases of the robot, the flight, the
single support, and the impact phases. These models were integrated into a complex
hybrid model. To manage the complexity of the dynamics, simplified models such as the
LIPM, the SLIPM, and the HZD approach were introduced.

The chapter then covered DC motor modeling and the detailed analysis of friction
models. The Coulomb friction, static friction, viscous component, and Stribeck effect
were discussed in the classical static models section. Then more advanced friction models
were introduced, the dynamic models, including the Dahl, LuGre, and GMS models.

Lastly, the chapter explored abstraction-based control strategy, highlighting how these
have been applied by other research groups and identifying existing gaps. This sets the
stage for the integration of the Dionysos.jl framework, which aims to overcome the curse
of dimensionality through smart abstractions.






Chapter 2

Robot Model and Friction
Compensation

This chapter explores the modeling and control framework for the actual bipedal robot
available in the lab. It begins by presenting the real working environment, including a
description of the physical robot and its software components. Next, the chosen model
of the robot is introduced, a 5-link planar bipedal model, using Euler-Lagrange method
to derive the dynamical equations. Finally, a description of the actuators is provided,
focusing on the actual control methods used. A first experiment is presented, identifying
first model’s inaccuracies, and motivating the choice of friction compensation.

2.1 Presentation of the real working environment

2.1.1 The real robot

The bipedal robot available in the lab has been designed some years ago and has a similar
design as the planar bipedal robots presented in Section 1.1. The robot is composed of 5
links: 2 tibias, 2 femurs and a very thin torso. Four servomotors are actuating the robot:
2 for the knees and 2 for the hips. The feet of the robot are modular, one can choose
between pointed feet or flat feet. The second option was designed for the purpose of
Zero Moment Point (ZMP) based walking gaits generator studied by a previous master
student in [36]. For the remaining of this thesis, we will consider the pointed feet only.

The hip is connected to a radial boom, restricting robot movements on the sagittal
plane. Two assumptions are made here:

1. The radius of the boom is assumed to be infinite, effectively limiting the robot
movements on a planar surface.

2. The mass and inertia of the boom are neglected in the model.

These assumptions help at simplifying the dynamics, future work could include modelling
the actual finite radius of the boom and/or its mass and inertia if higher precision is
required. A picture of the robot and its boom is shown in Figure 2.1.

15
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Z-revolute joint

Y-revolute joint

Figure 2.1: Setup of the bipedal robot in the lab, with the boom restricting it to the
sagittal plane, from [36].

2.1.2 Software

The four servomotors are connected via a U2D2 adapter to a Windows computer, which
uses LabVIEW software for real-time data acquisition and control. The achievable
sampling rate is 20 ms. During each 20 ms cycle, both control and sensing of the four
Dynamixels are performed.

A technical question is how the control inputs computed in Julia are applied to
the real robot using LabVIEW. The controllers computed offline by Dionysos. j1 have
the format of a look-up table. This look-up table can then be directly uploaded into
LabVIEW for real-time control of the robot. However, at some point the controller could
become too complex to be directly uploaded into LabVIEW. Another approach must
then be followed. Annex A proposes an interface where both Julia and LabVIEW are
running concurrently. This setup allows Julia to perform complex computations while
LabVIEW handles real-time execution, ensuring seamless integration and control.

2.2 Choice of model: 5-Link planar bipedal robot

The real robot can be model as a 5-link planar bipedal robot, as introduced in Section
1.2. The principal elements are recalled here.

o The robot has 7 degree of freedom (5 for the orientation of each link + 2 for the
position of the body in the sagittal plane), hence 14 state variables to describe it
(7 for the positions and 7 for associated velocities).

e The robot can be in 3 phases: the flight phase, the single-support phase, and the
impact phase (an instantaneous double-support phase).
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e In single support phase, the foot in contact with the ground acts as an ideal pivot
point (no sliding). The system reduces to 5 DOF as the ground contact introduces
a holonomic constraint.

e The impact can be assumed instantaneous, and, under some assumptions, the
equation for the velocities of the robot’s links just before and just after the impact
can be solved. This can then be used to reinitialize the system for the next phase
just after impact.

¢ The continuous and discrete dynamics can be represented as a single hybrid system.

The generalized coordinates are chosen as ¢ = (x,¥, q1, 2, g3, ¢4, q5), where q1_5 are
the orientation of the torso, the right and left femurs, and the right and left tibias. The
coordinates (z,y) describe the position of the body in the sagittal plane, one can choose
the position of the hip (x 7, ym) as reference for example. This configuration is illustrated
in Figure 2.2.

\F

(Crs YH)
qz

‘ (e, y1)

Figure 2.2: Schematic of the 5-link planar bipedal robot model, with the generalized
coordinates q; to g5 for the torso (in orange), femurs (in green), and tibias (in blue).
The coordinate points (2, ym), (Tr,yr), and (zr,yr) represent the positions of the hip
and right and left feet.

(xg,YR)
o

As discussed in Section 1.2, the equation of motion of the robot can be derived with
the method of Euler-Lagrange. A more compact form is expressed here:

M(q)i+C(g,q) =7 (2.1)

where M (q) is the mass matrix, C(q, ¢) is called the generalized bias force taking into
account the Coriolis and centrifugal forces, gravity, and other forces acting on the system
different from 7, the vector of generalized forces.

As the objective is to built a model in Julia for further integration in Dionysos. j1,
the use of some Julia library can help. Notably, the matrices M (q) and C(q, ¢) can be
determined using RigidBodyDynamics. j1 given the URDF (Unified Robotics Description
Format) geometry of the system [19]. The library allows parsing of the URDF model of
the robot to produce a mechanism object. Then, rigid body dynamics algorithms are
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used to determine the kinematics and dynamics of the mechanism. Moreover, as the
objective of the model will be to simulate the robot behaviour for a given torque input
in the actuators, we are mainly interested in the forward dynamics algorithm, which
calculates the acceleration § given 7.

2.3 Actuators description

The robot’s actuators are Dynamixel units, developed by the South Korean company
ROBOTIS. The choice of this kind of actuator was originally made for several reasons.
The DC motor, the gearbox, the driver, the sensors, and the controller are all in a single
compact unit. This simplifies the design of the robot compared to traditional motor and
driver setups. Additionally, they can be chained together through a single connector
for both power and data, which simplifies cable management. The actuators sense the
current and voltage applied to the DC motor, as well as the position and velocity of the
motor’s shaft. They can be controlled in multiple modes: position, velocity, current, and
Pulse Width Modulation (PWM).

Two different models of Dynamixel are selected for the knees and the hips; they are
essentially the same, only the gearbox ratio differs:

e Dynamixel XH430-W350: gearbox ratio of 353:1 for the hips.

¢ Dynamixel XH430-W210: gearbox ratio of 212:1 for the knees, requiring more
balance of torque and speed compared to the hips, making a lower gearbox ratio
more suitable.

2.3.1 Torque control

The controller synthesized offline with Dionysos. j1 is designed to be piecewise affine.
This means the state space is discretized into cells covered by ellipsoids, within which
affine controllers are used. An affine controller in each cell is defined by:

k(r) =Kz +1

where = (g, ) is the state of the system, K is a matrix that determines the state
feedback gain, and [ is a vector that adds an offset. These parameters are optimized
within each cell to ensure that the controller can effectively drive the system from any
state within the cell towards a desired target cell or state.

To design this controller, we rely on the model of the robot’s dynamics, given by the
forward dynamics:

i=M(q)"'(r—C(q,9)) (2.2)

By integrating the acceleration over a certain time step, we can evaluate the position and
velocity evolution of the system. The external torque, 7, therefore, acts as the system’s
control input.

There are two possibilities to control the Dynamixels in torque, either through the
current or through the PWM control. As derived in Section 1.3, the model of the
actuator is that of a DC motor. There is a direct proportionality between current and
the electromagnetic torque produced by the motor:

Tem = Kilq (23)
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Control through current is then often preferred thanks to this direct proportionality. One
parameter that needs to be identified is the torque constant k;. For this, the datasheet
of the Dynamixels provides results of stall experiments. These experiments yield the
following measurements of torque, voltage, and current:

Torque (N.m) Voltage (V) Current (A)

3.1 11.1 1.2
3.4 12.0 1.3
4.2 14.8 1.5

Table 2.1: Torque, Voltage, and Current measurements in stall tests.

Given the torque and current measurements from the stall tests, the torque constant
k: can be directly deduced from Equation 2.3. By averaging the three measurements,
the estimated torque constant numerical value is k; = 2.6657 [Nm/A].

We now know the relation between the input current and the torque that will be
produced. We can now simulate the model, as we know all the parameters of it. We will
focus only on the hip motor, with the knee fixed and without any ground interaction,
thus simplifying the system to a single-pendulum configuration for this first experiment.

The idea is to apply the same input signal to both the real system and the model
and compare the evolution of both systems. Three separate non-trivial current reference
signals were used. The signals were built by summing the first five odd harmonics of
three specific waveforms: a square wave, a saw-tooth wave, and a triangle wave. The
reference torque profiles are depicted in green in the top graphs of Figure 2.3.

This reference signal is applied to both the real system and the model in simulation,
with the resulting position evolution depicted in Figure 2.3. The bottom graphs illustrate
real position evolution in dotted red and simulation data in blue.

Square Command Signal Tooth Command Signal Triangle Command Signal

Current [A]
o
o

Position [rad]

—— Simulated Position

Figure 2.3: Comparison of reference torque profiles applied to hip motor, with the knee
of the robot fixed, simplifying the system to a single-pendulum. The signal is applied
both on the real system and on the model. Real position evolution is shown in dotted
red and simulated position evolution in blue.
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It is observed that the simulation doesn’t accurately represent reality. For each
waveform, oscillations are observed due to the intrinsic mathematical behaviour of an
undamped single-pendulum. For a square wave torque reference, the model diverges
completely from real behaviour.

2.3.2 Friction compensation

One identified cause of the simulation’s inaccuracy is that the model doesn’t take into
account friction yet. By adding friction compensation, we can expect a much better
approximation of reality. Equation 2.2 is then revised as:

G=M(q)"(r =77 = Clg,4)) (2.4)

The friction torque 77 is explicitly added. As discussed in Section 1.3.2, friction in DC
motors can be modelled in several ways.

Initially, the Stribeck curve was considered, which is often used to model friction in
geared DC motors [17, 23]. The Stribeck model involves identifying four parameters:
Coulomb friction 7., viscous friction K, Stribeck velocity ¢s, and an empirical parameter
0. The equation is recalled here:

Tf = Sign(q') (Tc + (Ts - Tc)e_(q./qs)g) + Kyq (2'5)

Despite lot of attempts to apply the Stribeck model through numerous experimental
approaches, achieving the desired accuracy was challenging. The initial limitations in
system knowledge and the complexity of Stribeck model motivated the choice to start
with a simpler, yet effective, friction model. We disregard then Stribeck effect from
Equation 2.5, and choose the following friction model:

Tp = sign(q) 7. + Kug (2.6)

with two parameters to identify : the Coulomb torque 7. and viscous parameter K,.
While simplifying the parameter identification process, starting with a simpler model
allowed for a clearer understanding of the system. This foundational model serves
as a basis for future enhancements, such as incorporating the Stribeck effect through
optimization-based approaches.

2.4 Conclusion

This chapter has presented the real robot and the choice of model for it: a 5-link bipedal
robot. The forward dynamics of the model have been derived, and an initial experiment
was conducted on one of the hip joints by controlling the Dynamixel in torque through
current. A comparison between the real experiment and the simulation highlighted the
necessity for friction compensation to accurately represent the real system. A first simple
friction model was chosen, incorporating both dry and viscous components of friction.
The next chapter will present two methodologies for identifying the parameters of
the friction model: a basic experimental approach and an optimization-based approach.



Chapter 3

Parameter identification

The objective of this chapter is to identify the parameters of the robot model, with
a focus on the friction characteristics of the actuators. Two parameter identification
methodologies are presented, offering a dual perspective on modelling.

Initially, preference is given to the optimization-based methodology, which directly
calibrates model parameters using experiments on the real system. However, initial
attempts revealed inconsistencies. It was therefore necessary to switch to a more
experimental methodology to gain a better understanding of Dynamixel behaviour.
This less direct approach is based on a series of experiments, where each experiment
isolates and identifies specific parameters using the DC motor’s electrical and mechanical
equations. This experimental approach enabled the identification of an initial model,
and it was found that current measurements were unreliable. As a result, a switch to
PWM control was necessary to obtain consistent results. This finally enabled to go back
with the optimization-based methodology, successfully identifying the model parameters.

By detailing both methodologies, the text aims to illustrate the multifaceted nature of
experimental research.

3.1 Basic experimental parameter identification

This section details the first approach towards identifying the parameters of both the
DC motor model and its friction. The methodology revisits the fundamental equations
of DC motor and analyzes specific regimes—namely, the acceleration and deceleration
phases—to isolate and estimate various parameters.

The primary goal is to determine the parameters of the motor’s friction model. However,
this approach necessitates first identifying the intrinsic parameters of the motor. Once
these motor parameters are known, they can be used to estimate the friction parameters:
Coulomb torque (7.) and the viscous damping coefficient (K,). The DC motor can be
described by the following fundamental equations, as already presented in Section 1.3:

e Electrical Equation:

dig
%9 4 ko (3.1)

a — a‘a La
U, = Ryig + 7t

21
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In this equation, U, and i, are respectively the motor’s armature voltage and current,
R, is the armature resistance, L, the inductance, k. is the back electromotive force
(EMF) constant, and w,, the motor’s shaft rotational speed.

e Electromagnetic torque Equation:
Tem — k‘t’ia (32)
where T, is the motor torque and k; is the torque constant.

¢ Mechanical Equation:
dwp,

dt

where J is the inertia and 7; is the friction torque, modelled by the dry friction
torque 7. and the viscous damping coeflicient K.

J = Tem — T¢ (3.3)

The time constant of the electrical equation is much smaller than that of the mechanical
equation; in other words, the electrical dynamics are much faster than the mechanical
dynamics. Therefore, we assume that the inductive voltage drop across the armature
windings is negligible in Equation 3.1, leading to the simplified electrical equation:

Uy = Raiq + kewnm (3.4)

Moreover, the analysis proceeds in the joint space, where a mathematical relationship
between the motor’s shaft rotational speed, w,,, and the angular velocity of the joint, ¢,
can be expressed as follows:

Wim = Kgear X g (3.5)

where the gear ratio constant kgeqr is equal to:
e 353.5:1 for Dynamixel XH430-W350
e 212.6:1 for Dynamixel XH430-W210

The analysis focus first only on the motor of the hips, namely the Dynamixel XH430-
W350. The same approach can be followed to identify the parameters for the second
model of motors.

To recapitulate, the electrical and mechanical equations can be written as:

kg
. HH .
Us = Ryiq + kekgear q (36)
J% = ktiq — Te — Kyq

For simplification, we introduce the constant k., = keckgear. By conducting specific
experiments, we can isolate and measure the parameters R, k., and J = Jyotor- The
total inertia of the system J is only composed of the motor’s inertia Jpotor, as the
experiments will be conducted in no-load conditions. The torque constant k; can be
directly estimated using the datasheet of the Dynamixels, as stated in Section 2.3.1.
Finally, these measurements allow us to solve for the friction parameters 7., and K,
using the above equations.
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The following sections detail the experimental setup and the methodologies followed to
identify these parameters, starting with the intrinsic motor parameters and progressing
to the friction model parameters.

3.1.1 Experimental Setup and Data Collection

The experiments are conducted on Dynamixel units directly, dismounted from the robot.
The data collection is performed using the Dynamixel Wizard 2.0 tool, which achieves
a theoretical sampling rate of 1 ms, though a practical rate of approximately 2 ms is
observed. This choice allows for a higher sampling rate compared to the LabVIEW
Virtual Instrument (VI) developed for full robot control, which achieves a sampling rate
of 20 ms. This allows for more precise observations of the motor’s step responses.

3.1.2 Armature resistance estimation

The armature resistance value is estimated through stall tests on the Dynamixel, with
the output shaft immobilised and the input voltage incrementally increased. During
these tests, both voltage and current are measured, as shown in Figure 3.1 and 3.2.

—— Experiment 1 ) 6001 Experiment 1
51 —— Experiment 2 - —— Experiment 2
500
4 )
Voltage Current 400
VI ) [mA]
3 ' 300
2 200
1 100
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Time [s] Time [s]

Figure 3.1: Evolution of voltage over time  Figure 3.2: Corresponding current mea-
during two stall tests surements during two stall tests

Given the motor’s static condition, the electrical equation for the DC motor 3.4 gives
a direct proportionality between voltage and current, defined by the armature resistance
R,. Figure 3.3 presents a scatter plot of the voltage-to-current ratio (% = R,) from
the two separate experiments. The computed mean from both experiments provides an
estimated armature resistance of R, = 9.3756]€2].

3.1.3 Back EMF constant estimation

Steady-state experiments were performed to estimate the back EMF constant k., with

a constant voltage applied through PWM over a range from -100% to 100%, across

108 experiments with varied PWM inputs. The system stabilise to steady-state, where

current, voltage, and angular velocity are constants. The back EMF constant k is then

isolated in Equation 3.6:

_ Ua B Raia
q

k. (3.7)

Measurements of voltage, current, and angular velocity in steady-state allowed this
estimation, illustrated in Figure 3.4.
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Figure 3.3: Voltage-to-Current Ratio and the calculated mean giving the estimated

armature resistance R,.
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Figure 3.4: Estimation of the back EMF constant through steady-state experiments.
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At velocities near zero, the precision of measurements (current, voltage, and velocity)
significantly impacts the calculated k.. This effect is illustrated in Figure 3.5, where
at low voltage commands (corresponding to low velocities), the current measurements
approach the sensor’s quantum level of 2.69mA.

e Mean Points o*®
0.02 { ---- Quantum of current sensor %
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Mean of voltage's measurements [V]

Figure 3.5: The relationship between voltage commands and measured current in the 108
experiments. The quantum level of current is shown with red dotted lines. The mean
values are taken from steady-state measurements.

To mitigate the impact of these measurement limitations on parameter estimation,
the analysis was restricted to velocities greater than 1[rad/s| in absolute value. This
approach gives a back EMF constant of &k, = 3.6103 [V - s/rad].

3.1.4 Inertia, Coulomb’s torque, and viscous component estimation

To determine the inertia Jpyotor of the motor and gearbox assembly, the Coulomb’s torque,
and the viscous damping component, two types of experiments are conducted on the
Dynamixel unit under no-load conditions :

1. Acceleration Phase: A sudden voltage input is applied to the motor (step
response experiment).

2. Deceleration Phase: The voltage source is disconnected, allowing the motor to
decelerate naturally due to friction losses.

During both experiments, the resultant angular velocity (§) response over time is observed.
It is then possible to isolate and estimate the parameters of the Dynamixel.

No-load experiments - Acceleration

The joint’s angular velocity response to a sudden 12 V voltage application is observed.
The system of Equation 3.6 reduces to the following differential equation :
U, — klq

J— = kyiag — 7. — K¢ where i, = Te (3.8)
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Simplifying further :

di  (kUs Kok, .
dt_(Ra —Tc)—<Ra —i—Kv)q (3.9)

This last differential equation has as general solution :

k:U,
§= Cre~t/m 4 < tYa 7_C> /K, (3.10)
R,
where : ",
m=J/ 2}t + K,). (3.11)

The time evolution of the joint’s speed following a step input of 12 V is depicted in
Figure 3.6.
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Figure 3.6: Time evolution of joint speed for a 12 V step input, for 10 experiments. The
mean of all the final velocities reached is shown in blue dotted lines.

The 63.2% time constant is determined to be 7 = 0.0586 s.

No-load experiments - Deceleration

As second experiment, the joint’s speed time evolution is observed in Figure 3.7 when
disconnecting the DC voltage source of the motor. This figure illustrates the joint’s
deceleration curve, highlighting the effects of friction. In this particular scenario, the
Differential Equation 3.8 simplifies to :
%:—n—mg (3.12)
Where the general solution is:

q= CY26_t/ﬁr2 - TC/KU (313)
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with:
(3.14)

Ty =

L
K,

— Fit by least squares identification
3.0

2.5

Velocity 2-07
[rad/s]
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Figure 3.7: Observed joint speed during deceleration without voltage input. The data
from 10 experiments are fitted with a model (red line) using least squares identification,
which closely matches the experimental results (R? = 0.991).

To estimate the parameters, the scipy.optimize.curve_fit algorithm in Python
is used, performing a least-squares fit on the experimental data. This process leads to
the following parameter values:

o The integration constant : Co = 3.85 [rad/s]
o The time constant : 7o = 0.332[s]

o The ratio : 7./K, = 0.583 [rad/s]

No-load experiments - System’s solution

The system’s mechanical parameters are determined by solving the Equation 3.11 of 74,
Equation 3.14 of 19, and 7./K, = 0.583. The derived numerical values are as follows:

J = Jmotor = o2y = 0.07305 [kg.m?]

K, = T—Jl = 0.22[N.m.s/rad] (3.15)

T. = 0.583 - K, = 0.128 [Nm)]
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3.2 Shift from current control to PWM control

Now that the parameters of the friction model have been identified, we can add friction
into the model and perform new simulations to assess the improvements. The exact same
methodology is followed as in Section 2.3.1, but now friction is taken into account during
simulation. To recall, the experiments are conducted on Dynamixel units mounted on the
real robot. In these experiments, the robot’s knee is fixed, there is no ground interaction,
and the input signal is applied to the hip motor in current control. The dynamical model
is:

§=M(q)~"(r =75 = Clq,q))

kiig — (Tc + Kv‘]) - C(Qa Q)
Jexternal + J, motor

(3.16)

&g =

where Jexternal and C(q, ¢) are both computed using RigidBodyDynamics package given
the URDF model of the robot [19]. ki, 7, Ky, and Jmetor are the four parameters we
have identified. The Dynamixel is controlled in current, and the same input is applied
on the model. The three current references used are the ones already presented in green
in Figure 2.3 of Section 2.3.1. Figure 3.8 presents the results obtained.
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Figure 3.8: Comparison between real position evolution in dotted red with simulation
results in blue for current (i,) control and with friction compensation. The system is
simplified to a single-pendulum.

We do not observe oscillations anymore, as was the case without friction compensation.
To assess the fit of the model, the average R-squared is 53.29% and the average NRMSE

is 0.6814, which is not satisfactory.

However, if we now use the measured value for U, to simulate the system results are
more convincing. This shift requires establishing a new relationship between torque and
voltage. By isolating the current in the system of equations 3.6:

Ua - kéq

R,

lq =

we can rewrite the model 3.16 as:
j o~ (7 4 K4d) ~ Cla.)
Jexternal + J, motor

(3.17)

where the following two constants are introduced for simplification:

k Kk
kng—t and Ké-(KU—i—;{e).
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Using the measured U, value from the experiments to simulate the model, the results
are shown in Figure 3.9.

Position [rad]

0 20 40 60 0 20 40 60 0 20 40 60
Time [s] Time [s] Time [s]

---- Measured Position —— Simulated Position

Figure 3.9: Same experiment as in Figure 3.8 except that the simulation uses the
measured voltage U, to simulate the real system.

By using the measured value of the voltage instead of the current to simulate the
model, the results are significantly improved, with an average R-squared value of 94.11%
and an average value of NRMSE of 0.2412.

Such strange behaviours of current control was also observed by the authors in [23].
The current measurements and control were found to be unreliable, motivating the shift
towards a model with torque control through the voltage.

3.3 Optimization-based parameter calibration

Building on the fundamental insights obtained from the previous methodology, this
section moves towards a more direct approach for parameter identification. It uses
optimization algorithms to calibrate the model parameters using experimental data from
the actual robot.

3.3.1 Experimental setup and data collection

The experiments are conducted on Dynamixel units mounted on the robot reduced to
a single-pendulum configuration, such as previously. The model is given by Equation
3.17, where kj, 7., K|, and Jypotor are four parameters to identify.

Compared to the previous methodology, we no longer use the Wizard 2.0 tool for
control and data collection. Instead, the LabVIEW code is used, which allows to upload
a file with the desired inputs for the Dynamixel at each time step. The sampling rate is
now 20 ms.

3.3.2 Frequency analysis

Determining the appropriate reference signal for identifying the model parameters
raises an initial question. A signal that adequately excites all the system states and
accurately describes its behaviour is crucial. The aim of this frequency analysis is to
characterize the system’s frequency response.
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This is achieved by applying an input signal consisting of a sequence of sinusoidal
waves, each at a different frequency. The frequencies used range from 0.01 Hz to 25 Hz,
with each frequency being applied for a sufficiently long duration to cover at least two
full periods (for lower frequencies) or a minimum of five seconds (for higher frequencies).
Moreover, each frequency segment starts and ends at a zero crossing to keep continuity

in the signal. The sinusoidal signal for each frequency f and for a constant amplitude of
A =2V is simply: s(t) = Asin(27 ft).

As the experimental setup’s sampling rate is 20 ms, corresponding to a sampling rate
of 50 Hz, the maximum frequency that can be accurately sampled is 25 Hz, according
to the Nyquist criterion. To prevent aliasing and to ensure accurate measurements,
the input frequencies are limited to this value. The input signal and its corresponding
response are illustrated in blue and in orange in Figure 3.10.
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Figure 3.10: Sequence of sinusoidal waves in blue (input signal to the hip motor) and
the position evolution in orange of the real system, simplified to a single-pendulum.

A subsequent Bode analysis of the system’s response, normalized with a measured DC
magnitude from a constant input experiment, is depicted in Figure 3.11. This analysis
shows that the mechanical system behaves similarly to a low-pass filter. The Bode plot
shows a cutoff frequency (where the magnitude decreases by 3 dB) approximately around
0.1 Hz, illustrating the system’s attenuation of higher frequencies.

3.3.3 Reference signal construction

The previous analysis enables the construction of a suitable reference signal for calibrating
the model’s parameters. The signal is defined as follows:

S(t) = A(t) - (sin(27 ft) + sin(2710t) + A(t)) (3.18)

where:
At) = {0 for intervals with only two sine terms,

sin(27100ft) for intervals with three sine terms,
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Bode Plot Analysis: System Dynamics with Sinusoidal Sequence Input

————— Cutoff Frequency: 0.1 Hz
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Figure 3.11: Bode plot illustrating the system’s response as a low-pass filter with a
cutoff frequency around 0.1 Hz. The normalization of the magintude is done using a DC
experiment, with an output of 0.74 [rad].

The amplitude A(t) increases from 1V to 3V over the duration of the experiment. The
frequency f is chosen to be 0.03 Hz, resulting in sine waves with frequencies of 0.03 Hz,
0.3 Hz, and 3 Hz. This choice is a balance between an adequate excitation of the system’s
states and a manageable experiment duration. The system is thus excited with sinusoids
of low frequency, near cutoff, and above cutoff, keeping the system within its primary
operating range and around the point where attenuation begins.

The resulting signal illustrated in blue in Figure 3.12 lasts 200 seconds and includes
intervals with either two or three simultaneous frequencies, and three different amplitude
levels. The corresponding response of the real system is in orange.
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Figure 3.12: Voltage input signal (top) and position evolution for this input signal
(bottom) of the real system.
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3.3.4 Parameters calibration

The calibration of the model’s parameters of Equation 3.17 was done using the JuliaSim
ModelOptimizer package, a component of the JuliaSim suite developed by JuliaHub Inc
[44]. This tool allows to solve inverse problems and to perform efficient model calibration.
The model is defined in the ModelingToolkit framework, which will be further discussed
in Chapter 5. The Julia code for parameter calibration is available in Annex B.

The estimated parameters value obtained with the previous methodology allows us
to identify the order of magnitude of the parameters, and define a targeted search space,
which is presented below:

T = (0.,0.2),
_) Koo —=(0,2),
search_space = K (0.1, (3.19)
Jmotor — (0,01)

Model calibration identify the parameters that minimize the cost function, the difference
between observed position evolution and simulated one. The calibrate function within
JuliaSimModelOptimizer automates this task.

The chosen optimization algorithm is the IpoptOptimizer (Ipopt - Interior Point
OPTimizer), designed for large-scale nonlinear optimization problems, from the Optimi
zation package [37]. The optimization problem is formulated as follows:

min f(x)

st. gL <g(z) <gu
rp <z <y

where x represents the vector of decision variables, f(z) is the objective function to
minimize, g(x) the constraints vector, with gz, gu, 1, zy are the vectors of lower and
upper bounds on the constraints and variables, respectively.

Applying this methodology to the experiment of Figure 3.12 and model 3.17 results
in the optimization algorithm determining values for four parameters. The numerical
values are in Table 4.1 for the previous methodology, denoted as Parameter Set 1, and
for the calibration result, denoted as Parameter Set 2.

Parameter Set 7, (Nm) K/ (N-m/(rad/s)) ki (Nm/V) Jmotor (kg:m?)

1 0.128 1.247 0.284 0.073
2 0.065 1.589 0.395 0.009

Table 3.1: Parameter values for the parameter set 1 and 2.
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3.4 Conclusion

This chapter explored the identification of robot actuator parameters, looking at
both the theoretical behaviour of DC motor and the practical challenges of real-world
experimentation. Two distinct methodologies were presented.

The first approach, motivated by the need for deeper understanding of the Dynamixels,
involved a series of experiments designed to isolate and identify specific motor parameters.
This method, though less direct, proved satisfactory results, but moreover, allows us to
identify a lack of consistency in current measurements.

Then, the optimization-based calibration approach provided a more direct identification
of parameters. Frequency analysis and the choice of design for reference signal further
showed the importance of understanding system behaviour in the selection of appropriate
experimental conditions.

The next chapter will present the validation of the model developed in this chapter.
This essential step will allow us to assess the accuracy and reliability of the model by
comparing the prediction across several non-trivial experiments with measured data.
This validation process will not only confirm the suitability of the models for control
and simulation purposes, but also present areas for improvements.






Chapter 4

Model Validation

This chapter presents the validation of the dynamic model developed in the previous
chapters. The goal is to determine the accuracy and reliability of the model predictions
compared to results from real-world experiments. Model validation is critical for design-
ing effective control systems, and particularly important for the next development of
abstraction-based controllers, which rely on precise error bounds derived from the model.

The chapter is organized as follows: First, we describe the experimental methodology,
detailing the series of tests with various signal waveforms and amplitudes. Then, the
section introduces the concepts of simulation and prediction, defines the evaluation metrics
(R-squared and NRMSE), and presents a comparative analysis of model performance
using two parameter sets. A bound on the error is determined for the model with the
best-performing parameter set. Finally, we explore potential model improvement by
adding the Stribeck effect and evaluating a new parameter set.

4.1 Experimental setup

The experiments are conducted on one leg of the robot with the knee fixed, as previously
presented in Sections 2.3.1 and 3.2. The Dynamixel of the hip is controlled in torque
mode using PWM control. Eight non-trivial reference signals are chosen to validate the
model:

e Three types of reference waveforms: square, saw-tooth, and triangle waves, as
previously introduced in Section 2.3.1. Each waveform is tested at two different
amplitudes: 1.5 V for lower amplitude movements and 3 V for full amplitude
movements.

e Two walking gaits: recorded input signals from a walking gait applied to the robot.
One gait is for slow walking and the other is for faster motion, to achieve different
amplitudes. The walking gaits were identified by a previous master student in [36].

These eight reference signals are shown in Figure 4.1. They are applied to both the real
system and the model. The final objective is to assess the error obtained with the model
in predicting the state of the system, therefore the evolution of the joint’s position and
velocity are measured and will be compared with simulations. The Dynamixel allows a
precision of 1.5 x 1072 radians in position measurements and a precision of 0.0239 rad/s
in velocity measurements.

35
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Figure 4.1: Reference input signals used in the experiments. From top left to bottom
right, we have the square, tooth and triangle signals of amplitude 3V and 1.5V, and the
fast and slow walking gaits.

4.2 Model performance evaluation

4.2.1 Comparison of predictor and simulator

First, let’s define the difference between a simulator and a predictor, as MathWorks has
defined it in [41]. In the context of system modeling, both simulation and prediction
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are used to understand how a system behaves under given inputs, but they differ in the
following sense:

e Simulator: computes the model’s response using given input data and initial
conditions over a specific period of time.

e Predictor: projects the model response into the future using current and past
values of the measured input and output, as well as the initial conditions. It
typically involves a prediction horizon, which defines how far into the future the
prediction extends.

The key distinction is that simulation uses only the input data and initial conditions to
generate outputs, while prediction uses past measurements of both inputs and outputs
to predict future states. In a sense, a predictor with infinite prediction horizon tends
toward a simulator.

These concepts are visually represented in the figure below:

Measured input 4 —————  Simulator —— ¥ Simulated output

Measured input U ————
Predictor ———— ¥, Predicted future output

Measured output Y=

Figure 4.2: The first block diagram represents a simulator that takes measured input u
to produce simulated output y. The second block diagram represents a predictor which
uses both measured input u and measured output ¥, to generate a predicted future
output yp.

4.2.2 FEvaluation metrics

The performance of the model is assessed using two metrics: the R-squared (coefficient
of determination) and the Normalized Root Mean Square Error (NRMSE). The first one,
R-squared, quantifies the proportion of variance in the observed data that is explained
by the model. An R-squared value close to 1 indicates that the model captures most of
the variability in the data, whereas a value close to 0 suggests poor model fit. On the
other hand, the NRMSE is calculated by dividing the RMSE by the standard deviation
of the measured data. This normalization allows the RMSE to be interpreted in terms of
the data’s variability, allowing comparison across different datasets or models. A lower
NRMSE indicates better predictive accuracy of the model.
For each parameter set, the following methodology is followed:

1. The model is used as a predictor with increasing prediction horizons for each of the
eight experiments. The prediction horizons, ranging from 1 to 200, are selected as
multiples of the sampling rate (20 ms). Simulations are also performed to obtain
the simulation results (infinite horizon).

2. For each prediction horizon, the average values of NRMSE and R-squared are
computed across the eight experiments for both position and velocity predictions.
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The average is taken since no significant outliers were observed in the NRMSE and
R-squared results.

4.2.3 Model performance
Parameter Set 1

The performance of the model with the first set of parameters is illustrated in Figure 4.6.

The results for parameter set 1 reveal several key trends and limitations, highlighting
its suboptimal performance compared to the subsequent parameter set 2. For position
prediction, a clear trend of decreasing accuracy with an increasing prediction horizon
is observed. This is logically expected, as predicting further into the future typically
increases error. For small prediction horizons, the goodness of fit, indicated by R-squared,
remains high for position prediction, reflecting good short-term predictive capability.

On the other hand, the trend for velocity prediction exhibits a fluctuating pat-
tern. This suggests that the model’s ability to explain the variance in velocity data is
inconsistent across different prediction horizons.

Overall, the results indicate that parameter set 1 leads to a model that tends towards
a relatively poor fit as the prediction horizon increases. The fluctuating R-squared and
NRMSE values for velocity suggest that this parameter set does not provide an optimal
model for accurate predictions.
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Figure 4.3: Evolution of R-square and NRMSE for position and velocity prediction with
parameter set 1 over varying prediction horizons. The red lines is for simulation results.

Parameter Set 2

The results for parameter set 2 (Figure 4.7) show improvement in model performance
compared to parameter set 1.
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The R-squared values for position remain consistently high (above 0.98) throughout
all prediction horizons. For the simulation the fit remains good with an R-squared
value of 0.968. This signifies the model’s ability to explain the variance in position data,
maintaining accuracy even for long-term predictions.

Similarly, the NRMSE values for position prediction are lower compared to parameter
set 1, tending toward 0.157. This indicates a lower prediction error, reflecting improved
model reliability for position prediction over varying horizons.

For velocity prediction, the R-squared values exhibit a stable pattern, remaining
above 0.975, which indicates a consistent ability to explain the variance in velocity data.
The NRMSE values for velocity are also lower and more stable compared to parameter
set 1, with values around 0.154.

Given the better performance of the model with parameter set 2 across all evaluation
metrics and prediction horizons, it is clear that this parameter set offers a better model
for predicting both position and velocity of the system. Therefore, for the remainder of
this study, we will use the model with parameter set 2.
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Figure 4.4: Evolution of R-square and NRMSE for position and velocity prediction with
parameter set 2 over varying prediction horizons. The red lines is for simulation results.

4.2.4 FError bound

Abstraction-based controllers are correct-by-design controllers but require an estimation
of the error obtained with the model. To estimate this error, the 99.9th percentile is
used. The error distribution across experiments was observed to be centre around 0.
For instance, for a prediction horizon of 1 (equivalent to 20ms), the error on position
is 0.0056 radians, and it linearly increase to 0.027 radians for a prediction horizon of 10,
so 200ms in the future. The Dynamixels mounted on the robot are mechanically limited
on a range of 180°. These errors correspond to approximately 0.178% to 0.86% of the
total range. This indicates that we have some flexibility to increase the controller’s time
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step if needed, as the errors remain within an acceptable range.

The figures below illustrate the evolution of the 99.9th percentile of the error for both
position and velocity predictions with parameter set 2 over varying prediction horizons.
The red lines represent the infinite horizon values from the simulations.

99.9th percentile Evolution of Position with 99.9th percentile Evolution of Velocity with
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Figure 4.5: 99.9th percentile evolution of position in left figure and velocity in right
figure over varying prediction horizon for parameter set 2. The red line represents the
infinite horizon value obtained with a simulation.

4.3 Improvement with Stribeck effect

The exact same optimization-based methodology can be followed for a model that takes
into account the Stribeck effect, as first introduced in Equation 2.5, and recalled here:

T = Sign((j) (Tc + (Ts - Tc)e_(q/qs)é) + Kuq

The parameter 0 can be set to 1 to simplify calculations, a simplification also done
in [17] and [23]. Since the Stribeck effect is significant only at very low velocities, and
considering that our controller’s objective will be to manage the motion of the bipedal
robot dynamically at higher velocities, this simplification is justified. Two parameters
need to be identified by the optimization algorithm: the static friction torque 75 and the
Stribeck velocity ¢s. The search space is defined as follow:

Te — (0.,0.2),
K\ —(0,2),
I — (0., 1.),
search_space = e 5 (0.0.3), (4.1)
s — (0.,0.1),
Jmotor — (0,0.1)

The parameter 7s_. = (75 — 7.) allows for restricting the optimization algorithm to find
values of the static torque 75 that are greater than the values of the Coulomb torque 7,
as it is physically expected.

The results of the optimization algorithm with the same reference signal as in Section
3.3.4 gives the Parameter Set 3:
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Parameter Te K] K} Jmotor Te qs
Set (Nm) (N-m/(rad/s)) (Nm/V) (kgm?) (Nm) (rad/s)

1 0.128 1.247 0.284 0073  / /

2 0.065 1.589 0.395 0.009 / /
3 0.108 1.354 0.389 0.039 0.11  0.0057

Table 4.1: Parameter values for the parameter set 1 and 2 (recall) and the new parameter
set 3 with two new identified parameters.

4.3.1 Stribeck model performance

Incorporating the Stribeck effect into the model, the performance metrics indicate a
nuanced improvement over previous iterations. Specifically, the R-squared values for
position prediction show a comparable trajectory as observed with Parameter Set 2, except
with an improvement of approximately 1.24% in the simulation results. Additionally,
the NRMSE for position is slightly better at longer prediction horizons. Similar trends
are observed in the velocity predictions, where both the R-squared and NRMSE metrics
show improvements.
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Figure 4.6: Evolution of R-square and NRMSE for position and velocity prediction with
parameter set 3 over varying prediction horizons. The red lines is for simulation results.

Despite these improvements, the error analysis for this parameter set raises questions.
The 99.9th percentile error for position prediction is 0.007 radians at a one-step prediction
horizon and 0.034 radians at a ten-step horizon, which is higher compared to the values
from Parameter Set 2. However, the error bounds for velocity prediction are lower than
the ones obtained previously. An improvement from 0.123 to 0.09 is observed for a
prediction horizon of 1, which represents a percentage decrease of approximately 26.83%.
Given the improvements in the model, the Stribeck effect can be integrated into the final
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model of the system. This decision is based on the need for a model that consistently
provides both accurate and reliable predictions across all metrics.

The maximum velocity reachable by the Dynamixel is 24.5 rad/s. However, this
speed is too high for the robot, potentially leading to high velocities of the end-effector.
A more reasonable maximum speed can be derived from the maximal observed speed
during experiments, which is approximately 2.7 rad/s. We can then set an arbitrary
higher threshold at 4 rad/s. The error in velocity ranges from 0.09 for a time horizon
of 1 to 0.128 for a time horizon of 10, which corresponds to 2.25% to 3.2% of the total
range. These higher values compared to the position prediction may be due to the fact
that velocity is the derivative of position, making it inherently noisier and more difficult
to predict.

99.9th percentile Evolution of Position with 99.9th percentile Evolution of Velocity with
Prediction Horizon for Parameter Set 3 Prediction Horizon for Parameter Set 3
01s0{ T 99.9th percentile (infinite horizon): 0.157 0.14

0.125 0.13
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Percentile g 12
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0.075 011
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Figure 4.7: 99.9th percentile evolution of position in left figure and velocity in right
figure over varying prediction horizon for parameter set 3. The red line represents the
infinite horizon value obtained with a simulation.

4.4 Conclusion

In conclusion, this chapter has validated the dynamic model of the system. Through
the evaluation of two parameter sets using metrics such as R-squared and NRMSE, we
identified that the parameters determined through the optimization-based approach
offered better performance. Moreover, the exploration of the Stribeck effect showed
potential for further improvements. Iteratively building a model from simple to complex
while achieving the required performance is essential.

In the next chapter, we will focus on the actual implementation of the validated model
in Julia. We will detail a component-based model, improve the URDF representation
of the robot, and refine the workflow for its construction. The challenges introduced
by Coulomb friction and its non-smooth properties will also be discussed. Additionally,
we will discuss potential future improvements to the model, such as adding a ground
contact model and developing a comprehensive hybrid model of the system.



Chapter 5

Implementation in Julia

This chapter details the implementation and simulation of the model developed so far
using the Julia language. First, the evolution of the model implementation is presented,
along with the motivation for the choice of framework. Then, a workflow is introduced
to simplify the process of URDF construction, allowing future mechanical modifications
to be easily integrated into the robot’s model. Finally, the simulation of dry friction
is discussed, which poses challenges for numerical solvers. A finite state machine is
implemented to clearly define the system and avoid any numerical instabilities.

5.1 Component-based model

The implementation of the model in Julia evolved during the year, leading to a component-
based model using ModelingToolkit.jl (MTK) [31]. Initially, a first version of the
model was built using DifferentialEquations.jl (DE) due to its ease of use in defining
and solving systems of differential equations [25]. However, the need for linearization, a
requirement for integrating with Dionysos. j1, motivated an exploration of alternative
frameworks. MTK meets this requirement with automatic linearization of the model,
and other advantages compared to DE.

First, MTK is built on top of Symbolics.jl, allowing symbolic representation and
computation. The model is first written symbolically, then MTK performs symbolic
transformations and structural simplifications of the model. Then, a set of ODE’s is
automatically generated by MTK, allowing the use of numerical solvers for simulations.

Secondly, MTK’s component-based architecture allows for the modular development
of models, where reusable building blocks (like joints, actuators, sensors) can be easily
connected and modified. This modularity improves model organisation, readability,
and maintainability, making it easier for future students and researchers to understand,
modify, and extend the existing code-base.

Figure 5.1 represents the structure of the developed code-base for this thesis. In
green, we have the definition of the model using MTK. It connects five components
together. The Input Signal component provides the voltage reference U, to an open-loop
controller (OLController), which converts this voltage to the electromagnetic torque
command 7. This controller component can be modified in the future to integrate the
actual controller and simulate its behaviour.

The torque then goes through the DynamicsBias, FrictionTorque, and MassMatrix
components, leading to the full dynamical equation. The URDF file is parsed with
RigidBodyDynamics. j1 to compute the dynamic bias C(q, ¢) and the mass matrix M (q)

43



44 CHAPTER 5. IMPLEMENTATION IN JULIA

for a given state (g, q) of the system.

The model is then converted to an ODEProblem from DE, as shown in blue in the
figure, allowing the use of the numerous solvers from this library to solve the problem
and compute the time evolution of the system’s states.

This model can also be directly used in JuliaSimModelOptimizer. j1, as explained
in Section 3.3.4, to calibrate the parameters k¢, 7., Ky, and Jy,ot0r using measurements
from the real system.
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Figure 5.1: The structure of the codebase developed for this thesis. The green
section represents the model definition using ModelingToolkit.jl, connecting var-
ious components. The orange section shows the parameter calibration process us-
ing JuliaSimModelOptimizer.jl. The blue section indicates the conversion of
the model to an ODE problem for solving with DifferentialEquations.jl. The
RigidBodyDynamics. j1 package is used for parsing the URDF file to compute dynamic
biases and mass matrices.

5.2 Enhanced URDZF File Construction

The construction of the URDF file transitions from a manual approach using basic shapes
to a more advanced method that uses exact geometrical shapes. This section discusses
the initial model simplification, the transition to an advanced modeling approach, and
the workflow for generating a URDF file that accurately represents the robot’s structure.

The URDF model, developed in the previous year by previous master student,
simplifies the robot’s structure by representing each body segment with rectangular
boxes, each defined by specific dimensions and mass [36]. In experiments focusing on a
single leg with a fixed knee joint, this simplification effectively reduces the robot to a
single pendulum configuration. This model was manually built using basic shapes, as
depicted in Figure 5.2. The model is with flat feet as it was required for Zero Moment
Point (ZMP) stability criterion in previous work on this robot.

The process of constructing the URDF file was refined through an advanced approach
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with the objective to improve the workflow and the fidelity of the robot model. This
involves using exact geometrical representations of the robot’s components to get a model
that closely mirrors the actual shapes and dimensions of the robot. The methodology’s
primary goal is to produce a URDF file with accurately defined joints, enabling precise
inertia computation for each element and incorporating visually realistic representations
for improved simulation experiences.

The robot is originally designed in FreeCAD. Initial attempts to convert the FreeCAD
assembly to a URDF file with tools like the FreeCAD framework [38] faced problems due
to its early development phase and unresolved issues. Then, alternative CAD tools can
be used, for instance SolidWorks, with the use of the SolidWorks to URDF exporter [30].
This, however, necessitated extensive manual input, leading to further exploration of
other CAD tools.

The discovery of the well-documented onshape-to-robot framework [43] led to the
adoption of Onshape (a cloud-based CAD system) for this task. The workflow has several
key steps, starting with the robot’s original design in FreeCAD:

1. Export components into Onshape.

2. Reassemble within Onshape to address compatibility issues and prevent bugs,
observed with FreeCAD assemblies imported into Onshape.

3. Define rotational joints in Onshape, following the guidelines available in the
documentation [46].

4. Use the onshape-to-robot library in Python to convert the assembly into a URDF
file.

This workflow simplifies the production of a URDF from CAD environments, leading to
the generation of the robot’s URDF, as shown in Figure 5.3.

Figure 5.2: Initial URDF Model. Figure 5.3: Enhanced URDF Model.
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5.3 Simulation of Coulomb friction

The Coulomb friction model, due to the use of the ‘sign’ function, introduces discontinu-
ities into the system dynamics. This creates a system that is not everywhere differentiable,
posing challenges for numerical solvers that generally rely on smooth differential equations,
leading to stability and accuracy issues.

Moreover, for small torque inputs below the Coulomb torque threshold 7. previously
identified, the total applied torque on the joint is less than the friction torque. Intuitively,
any initiated movement in one direction is immediately countered by friction, which
surpasses other torque sources and leads to system oscillation. This phenomenon results
in solver oscillations due to inadequately defined behaviour in the code, as illustrated in
Figure 5.4. Addressing this issue is important for stability of the simulation and overall
performances.
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Figure 5.4: Solver oscillations due to Coulomb friction for a small period of time
(200 ms). This phenomenon is also observed when the ‘sign’ function is smoothed
with the hyperbolic tangent function tanh({/d), where § is a smoothing parameter.
Another approach proposed in the documentation of ModelingToolkit.jl is to define a
continuous__event within the numerical solver, triggering it when ¢ = 0. This allows
the solver to pause and reassess the system state using callbacks logic, improving its
robustness. However, both of these solutions do not fully address the fundamental issue
of the system definition in low-torque scenarios.

The methodology involves developing a Finite State Machine (FSM) based on the
framework outlined in [45], as depicted in Figure 5.5. The three states are defined as
follows:

o STATIC: The joint remains static, the angular velocity is zero (¢ = 0).

e MOVING_ CCW: The joint moves with a positive angular velocity, with friction
being : K,q + 7.

e MOVING__CW: The joint moves with a negative angular velocity, with friction
being : K,q — 7.
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Figure 5.5: Finite State Machine illustrating the three states: STATIC, MOVING_CW,
and MOVING__CCW.

Transitions between these states are dependent on the effective torque applied on the
joint, 7.7, and the static friction torque, 75. The transitions are given by the following
conditions:

1. From STATIC to MOVING_CCW (1): Occurs if .75 > 75, where the joint begins
to move with a positive angular velocity (¢ > 0).

2. From STATIC to MOVING__CW (2): Takes place if 7.¢; < —7, resulting in the
joint moving with a negative angular velocity (¢ < 0).

3. From MOVING__CW to STATIC: This transition is initiated when the angular
velocity becomes positive, indicating a potential change to counter-clockwise move-
ment (3’) or to a static state (3), depending on whether the net torque exceeds
Ts.

4. From MOVING__CCW to STATIC: Occurs when the angular velocity turns negative,
indicating a transition to clockwise movement (4’), or to static (4) if the net torque
is insufficient to overcome 7y.

This approach ensures that to initiate movement, the effective torque must exceed the
static friction torque; otherwise, the system remains static. Currently, the static friction
torque (75) is assumed to be equal to the estimated Coulomb’s torque (7.). Future
research could focus on accurately estimating 7, to improve the model.






Chapter 6

Abstraction-based controller
synthesis

A significant challenge with abstraction-based control is the curse of dimensionality,
where the difficulty of control exponentially increases with the number of states. To
address this, the problems introduced into Dionysos are of increasing complexity. Initially,
the focus is on controlling the hip of the robot with the knee fixed, reducing the system
to a single-pendulum configuration. Then, a more complex double-pendulum problem is
introduced, where the hip and the knee of one robot’s leg are controlled. This chapter
briefly introduces both problems formulation.

Although the actual synthesis of the controller with Dionysos has not yet been achieved,
the groundwork and problem setup are crucial steps towards this goal. This ongoing
work involves detailed modeling, state space discretization, and defining appropriate
constraints and objectives. Future work will involve implementing the controller synthesis
within the Dionysos framework, optimizing the control strategies, and validating the
results through simulations and real-world experiments.

6.1 Problem Formulation
For each system to be integrated into Dionysos, two primary functions are required:

1. A function of the type 11 = f(zk,u,ts). For a given state xy, input u, and time
span tg, this function predicts the next state xjy1 of the system.

2. A function of the type f(zy). For a given state x;, (operation point), this function
returns the linearization of the system, providing the matrices A and B of a linear
state-space representation:

#(t) = Az(t) + Bu(t)

In particular, for abstraction-based control we are interested in a manner to
discretize the state-space of the system.

A possible approach to integrate a system into Dionysos is explained now. We
consider a nonlinear continuous-time system defined by:

(t) = f(x(t), u(t))

49



50 CHAPTER 6. ABSTRACTION-BASED CONTROLLER SYNTHESIS

The first step is to linearize this system around a chosen operating point, resulting in
a linear approximation:

x(t) = Az(t) + Bu(t) + ¢

where ¢; represents the error introduced by linearization. The next step involves
discretizing the linearized system using the matrix exponential for exact discretization:

At
zlk + 1] = e Mz[k] + / AR Byk] dr
0

This approach allows for the estimation of error at each step, which is important to
meet the requirements for synthesis of correct-by-design controllers.

6.1.1 Single-pendulum problem

The number of state variables in this configuration is the position of the joint and its
velocity. This first simple problem allows the synthesis of a first controller with Dionysos,
before going ahead with more complex problems.

6.1.2 Double-pendulum problem

The double-pendulum configuration increases the number of states to four: two states
for the position of each joint, and two states for their velocities. The control objective is
to drive the states of the system from one state to another while avoiding an obstacle.

The abstraction techniques used in Dionysos rely on defining ellipsoids and controllers
within each ellipsoid. The discretization of the state space is achieved using ellipsoids.
One advantage of this approach is the ability to directly define obstacles in the system’s
domain. The chosen obstacle, visible in Figure 6.1 in red, is designed to be easily
reproducible with 3D printing for real-world experiments. By adjusting the size of the
ellipsoid, the size of the obstacle can be increased or decreased, thereby modifying the
problem’s difficulty for the controller to transition from one state to the goal state. The
constraints of the problem are as follows:

 Constraints on input voltage: [—12,12] V.

e Constraints on joint positions: The mechanical structure of the bipedal robot’s
legs limits the range to [—7 /2, 7/2] rad.

o Constraints on joint speeds: According to the Dynamixel datasheet, the maximum
speed range is [—24.5,24.5] rad/s, but a more reasonable and arbitrary velocity
constraint for the joints is [—4,4] rad/s. This constraint is motivated by the
maximum observed velocity value from the walking gaits, which is approximately
2.7 rad/s. This range considers higher values while avoiding unfeasible speeds
within the joints’ position range.
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Chapter 7

Conclusion

This thesis has focused on the modeling and identification of a 5-link planar bipedal
robot within the context of abstraction-based control. The robot’s dynamic model was
derived using the Euler-Lagrange method, a general approach in robotics. The model
parameters, particularly those related to friction of the actuators, were identified through
two approaches. The model’s validity was confirmed through a series of experiments,
demonstrating its capacity to predict the robot’s state under various conditions.

7.1 Summary

The study began with a comprehensive review of the state-of-the-art in bipedal robotics,
focusing on the specific case of planar 5-link robot models. This review set the stage
by outlining existing knowledge and identifying gaps, particularly in the application of
abstraction-based control to real-world scenarios.

Next, the Euler-Lagrange equations of the robot were derived, and it was observed
that friction compensation was necessary to control the joints in torque accurately.

To address this, two main approaches were followed to identify model parameters,
particularly those related to friction of the actuators. Initially, experimental methods
isolated specific parameters for detailed study. Then, an optimization-based method was
applied, enhancing the model’s precision and reliability.

Validation of the developed model was confirmed by experimental tests with eight
complex input signals. These experiments were essential to demonstrate the model’s
predictive capabilities and to define a bound on its error. In addition, we identified and
implemented a first improvement to the model, by adding the Stribeck effect.

Finally, the validated model was implemented in the Julia programming language
using the ModelingToolkit.jl framework, and discussing the benefits of a component-based
modeling approach.

To construct the model, several assumptions were made. The radius of the boom
constraining the robot to the sagittal plane was assumed to be infinite, simplifying the
robot’s movement to a planar surface. The mass and inertia of the boom were considered
negligible. The foot-ground contact during the single support phase was modeled as
an ideal pivot point with no sliding. The double support phase was approximated as
an instantaneous impact with no rebound or slip. Additionally, the inductive voltage
drop in the DC motors was neglected. These simplifications were made to manage the
complexity of the model while still capturing the essential dynamics of the robot.
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While significant advancements were made in the modeling and validation of the
robot’s dynamics, the ultimate goal of synthesizing an abstraction-based controller within
the Dionysos framework was not achieved. The model developed provides a basis for
future implementation and application to the real-world bipedal robot.

7.2 Future Work

Several potential improvements and future research directions can enhance the current
model, driven by the need for a more precise model for controlling the robot’s full degree
of freedom using Dionysos for instance. First, further exploration of friction models,
particularly the Generalized Maxwell-Slip (GMS) model, could lead to a more precise
friction compensation. Additionally, improving the model of the foot’s contact with
the ground by incorporating tangential friction and normal constraints—whether soft,
allowing for slight deformation, or hard, preventing any penetration—could enhance the
overall accuracy.

On the control side, one significant challenge is the "curse of dimensionality" associated
with abstraction-based control. To address this, initial steps could focus on controlling
simplified models before tackling the full 7 degrees of freedom bipedal robot. This
could involve mechanically blocking some degrees of freedom of the boom or applying
dimensionality reduction techniques such as hybrid zero dynamics.

7.3 Final Thoughts

The work presented in this thesis has been challenging on several levels, the complexities
and challenges encountered have been numerous, but they have also provided invalu-
able learning opportunities. This final section seeks to clarify the technical challenges
encountered, but also highlights the lessons learned from this research experience.

First of all, understanding the behaviour of Dynamixel actuators, which operate
like "black boxes" with undocumented internal controllers, was a major obstacle. The
idea of switching to voltage-based torque control was not very intuitive, as we learned
in electromechanics classes that torque is proportional to current, so naturally, it is
controlled via current. Many weeks of fruitless experimentation finally led to trying
voltage control, which taught a valuable lesson about maintaining structure and validating
key points before implementing a solution. Listing all assumptions from the outset and
looking for ways to simplify initial iterations to confirm core assumptions is now a key
strategy, underlining the importance of starting with the simplest approach and iterating
progressively towards greater complexity.

Implementation in Julia was also a challenge. As it’s a fairly young language, libraries
are constantly evolving, which often results in libraries that are either poorly documented,
so difficult to understand quickly, or whose documentation is no longer up to date. This
adds complexity to the basic challenge of learning a new programming language.

Finally, the final process proposed in this work is a synthesis of multiple trials and
errors, ultimately leading to a solution that is as technically optimal as possible, whether
for future improvements of the current work, or for reproducing the approach on similar
cases. It starts with the efficient construction of a URDF model and ends with the
definition of the model in a framework that allows parameter identification, simulation
and integration with a wide range of other libraries.
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Appendix A

LabVIEW to Julia connection

The controller synthesized with Dionysos. j1 is in Julia, but the actual communication
with the robot is done with LabVIEW. An interesting feature would be to integrate
LabVIEW with Julia in order to compute control inputs based on the real state of the
robot in Julia, and then apply these commands directly to the robot. This approach
would leverage LabVIEW for its real-time characteristic and Julia for its computational
efficiency. A GitHub repository [35] provides a solution to integrate Julia functions into
LabVIEW Virtual Instruments, using ZeroM(Q as communication library.

To assess the performance of the solution, systems of linear equations are solved in
LabVIEW with two approaches:

e By using directly the built-in solver of LabVIEW

e By calling a Julia function from LabVIEW, solving the system with Julia, and
sending back the result to LabVIEW.

The computation time taken by both methods for given matrix size is in Table A.1. The
experiments are done on the Windows machine available in the lab.

Size N of the matrix Julia Computation LabVIEW Computation

X ime |ms ime |ms
N x N T T
7 1.5 0.06
35 1.6 0.4
175 8 6
350 23 26
700 80 120
2000 800 4000

Table A.1: Comparison of computation times between Julia and LabVIEW for different
matrix sizes.

From the table, it can be observed that for smaller matrix sizes, LabVIEW’s built-in
method significantly outperforms the Julia method. However, as the matrix size increases,
the gap in computational times between Julia and LabVIEW becomes smaller and, at
some point, Julia becomes faster. We can conclude that depending on the task complexity,
it can be better to perform computation through the Julia server.

Moreover, for some specific tasks it can be easier in terms of development to use
Julia rather than complex Virtual Instruments built in LabVIEW.
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Appendix B

GitHub Repository

The complete code used for this thesis, including data preprocessing, model calibration,
optimization routines, and analysis scripts, is available in a GitHub repository at the
following link: https://github.com/DeligneS/master_thesis. The repository is structured
as described in the following section.

B.1 Repository Structure
The repository is organized into the following directories and files:

o data/: Contains all datasets used, divided into two folders: one for experiments
conducted on the robot and one for simulations.

o analysis/: Contains folders for the analysis conducted in each chapter of this
thesis.

o src/: This folder includes scripts for cleaning and preprocessing data, initial
methodologies for parameter identification of the Dynamixels, and a folder with
Python scripts for recurrent plots and analysis.

o param-id/: Contains the Julia scripts for parameter identification using the
optimization-based approach.

« URDF/: Contains all the URDF files obtained with the Onshape to URDF
workflow, and a folder with Julia scripts for visualization of the URDFs.

» single_ pendulum/: Contains all the Julia scripts used for modeling the single-
pendulum configuration of the robot.

o double__pendulum/: Contains the Julia scripts for modeling the double-pendulum
system and a Python folder for the construction of the obstacle avoidance problem.

o utils/: Contains various utilities used across several Julia scripts, such as loading
datasets, loading URDF files, and defining ModelingToolkit components.

Each folder contains README files that explain the purpose of the folder, how to
run the scripts, and how to launch the local environments in Python or Julia.
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